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Abstract
This paper investigates the contribution of firms to the gender gap in earnings
on average, at different quantiles of the earnings distribution, and over time to shed
light on the role of firm pay policies in hindering or reinforcing the gender wage gap
and to identify how their impact comes about. Using a linked employer-employee
dataset for Italy, we show that the gap in firm pay policies explains on average 30%
of the gender pay gap in the period 1995-2015. Sorting of women in low pay firms
explains a larger fraction of the gender pay gap than differences in bargaining, on
average and at the bottom of the distribution, whereas the latter dominates at the
top. Moreover, differences in bargaining have increased in importance over the two
decades. To explain sorting, we investigate whether women have a lower probability
of moving towards firms with higher pay rates, and find that this is indeed the case.
This differential mobility penalises, in particular, highly skilled women and can be
related to the variability in wages in destination firms, with women not moving to
those with high (unexplained) variance in pay. We also find some evidence that
the firm environment as captured by exogenous changes in the gender balance in
leadership positions influences the bargaining power of women, indicating that the
latter is partly institution-driven.
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1 Introduction
The gender wage gap has decreased remarkably starting from the 1960s but its decline
has stalled. The median gender wage gap in OECD countries was 13.9% in 2016 against
a value above 30% in 1975, but only 1.7 percentage points below its value in 2005,1 with
large cross-country differences and with smaller reductions at the top of the distribution.
In this paper we study the contribution of firms to the gender gap in earnings on
average, at different percentiles of the earnings distribution and over time, to shed light
on the role of firm pay policies in hindering or reinforcing the gender wage gap. To
identify how firms’ impact comes about, we distinguish between sorting across firms
and bargaining within firms, and investigate gender differences in mobility towards firms
with more generous pay policy as a driver of sorting. In addition, we exploit exogenous
variation in the gender composition of board of directors to study the impact of firm
environment on gender differences in bargaining power. Our analysis is based on a large
linked employer-employee dataset that records the work and pay history of the universe of
Italian workers in the non-agricultural private sector between 1995 and 2015. The dataset
is provided by the Italian Social Security Administration (INPS, Istituto Nazionale di
Previdenza Sociale) via the “VisitINPS” program and it contains more than 22 million
workers employed by approximately 1.6 million firms.
A large literature documents the extent of gender wage gaps and their evolution over
time,2 and offers explanations for their presence. Demand-side factors, such as taste or
statistical discrimination, and supply-side factors, such as productivity differences due to
human capital accumulation and work effort of women relative to men, are among the
explanations surveyed in Altonji and Blank (1999). Recent explanations of the persis-
tent gap in pay focus on the role of social norms and differences in psychological traits
(Bertrand, 2011; Azmat and Petrongolo, 2014), and how these affect labour market out-
comes of men and women. Clearly, such outcomes depend not only on the characteristics
and behaviour of workers, but also on those of the firms which employ them.3 The choice
of some countries to impose disclosure policies that require firms to report, among other
things, the pay level of men and women (e.g. Equality Act in the UK or the Decree Law
254/2016 on Non-financial reporting in Italy) speaks to the emerging role of firms as key
actors in generating or taming gender inequality. Firm-related gender wage differences
can show up through labour market segmentation of women into firms with lower pay
rates (Groshen, 1991; Bayard et al., 2003; Ludsteck, 2014; Card et al., 2016; Cardoso
1Source: OECD (2018), LFS - Decile ratios of gross earnings, and OECD Family Database (2017).
2For cross-country evidence see, for example, Blau and Kahn (2003), Gregory (2009), Ponthieux and
Meurs (2015), Olivetti and Petrongolo (2016); for a focus on the US, Blau and Kahn (1997, 2000, 2006).
3The literature shows that there are large earnings differentials across firms and that the change in the
variance of earnings between different firms explains a significant part of the trend in earnings inequality
(see Barth et al., 2016, and Song et al., 2018, for evidence on the US, Card et al., 2013, for Germany).
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et al., 2016).4 In addition, women may show lower bargaining power compared to men
working at the same firm: women may negotiate less aggressively (Bowles et al., 2007,
2005; Babcock et al., 2006; Rozada and Yeyati, 2018) and this can result in gender pay
gaps and different standards of promotion, even when wages tend to be equal within the
same occupations (Petersen and Morgan, 1995; Blau, 2012).
In our paper, we first measure the firm contribution to the gender earnings gap. To
develop our analysis, we set up an AKM model (Abowd et al., 1999) in which earnings are
related to observable individual time-varying characteristics, to worker fixed effects and
to firm fixed effects. The firm fixed effects are key to measure the link between firms and
the gender earnings gap, since in our model firm effects are proportional to firm rents, and
represent a premium paid by firms to their workforce.5 Then, following Card et al. (2016),
we explain the impact of firm pay policy on the gender earnings gap, by separating the
role of sorting across firms and bargaining within firms, and study their impact not only
at the mean, but also along the distribution of earnings and over time. Once we have
established the evidence on the firm contribution, we explore what drives sorting and
bargaining. We hypothesise that sorting is the outcome of gender gaps in mobility across
firms. More precisely, we propose a novel definition of gender mobility gap, which takes
into account where the origin and destination firms are located in the firm fixed effect
distribution, and we study whether high (unexplained) earnings dispersion in high firm
effect firms or their geographical distribution can contribute to explain the male-female
gap in the probability of moving towards more generous firms. As to bargaining, we ask
ourselves whether the lower bargaining power of women captures a psychological trait
or whether it is, at least partly, driven by the firm environment. The dimension of firm
environment we focus on is the gender balance at the top of the hierarchy. To obtain
exogenous variation in the gender composition at the top of the corporate ladder, we
exploit a recent Italian law which prescribes gender quotas in corporate boards of listed
companies and study whether it had any impact on gender gaps in bargaining power. The
research focusing on the impact of gender quotas on worker outcomes, and in particular
on female wages and employment, finds little to no effect. Examining the introduction
of gender quotas in boards in Norway, Bertrand et al. (2019) find a positive impact on
the qualification level of appointed female board members, but no robust evidence of
trickle-down effects on female employees. Similarly, Maida and Weber (2019) find no
significant impact of the introduction of gender quotas in Italy on female wages or on
women’s progression towards the top echelons of the firms’ hierarchy in Italy. Our focus
4Reasons for why women sort into firms with lower pay include preferences for jobs and/or firms that
allow more flexibility and a better work-life balance. For instance, there is evidence that the presence
of women is lower in firms more open to trade and more subject to competitive pressure, where work
flexibility is harder to achieve (Black and Brainerd, 2004; Bøler et al., 2018; Heyman et al., 2013).
Changes in the sorting of men and women across high- and low-pay establishments also add to the
increase in the gender pay gap over the life-cycle, as shown by Barth et al. (2017).
5See Card et al. (2018) for a survey of the literature on the elasticity of wages to firms’ rents.
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on bargaining is new and can help us unpacking the effects of gender quotas on worker
outcomes by providing a potential mediating factor.
We find that differences in firm-specific premia account for approximately 30% of the
Italian gender pay gap at the mean. We show that sorting accounts for two thirds of the
firm contribution and one fifth of the overall gender gap in earnings. Women have lower
bargaining power than men, and this determines one third of the firm contribution and
slightly less than one tenth of the mean gender pay gap. The dominant role of sorting
compared to bargaining is persistent across age and cohorts and it is more evident for
older women. For managers, though, bargaining is the main factor driving the firm
contribution to the gender pay gap. The importance of bargaining for high-pay jobs
is confirmed when we perform the decomposition analysis within percentiles of the pay
distribution and focus on the top, where differences in bargaining dominate sorting: even
when women work for high-pay firms, their earnings are lower than those of men because
of their worse bargaining power. We also find that the importance of bargaining has
increased over time. When we estimate firm components and their decomposition into
sorting and bargaining in four overlapping time intervals between 1995 and 2015, we find
that, while the contribution of firms is practically unchanged over time, its decomposition
between sorting and bargaining has varied considerably, with the former decreasing in
importance and the latter sharply increasing. We argue that this may reflect the spreading
of more decentralised wage setting in the Italian labour market, highlighting that it has
differentially affected men and women, to the detriment of the latter. When investigating
the drivers of sorting, we find that a gender mobility gap is present and persistent, with
women – especially high ability ones – displaying a lower likelihood of moving to better
paying firms, compared to men with similar ability. We provide evidence that women tend
not to move towards firms with high (unexplained) earnings dispersion, indicating that
gender differences in risk aversion, attitudes towards competition or cost of effort may
be at play. As to bargaining power, under some specifications we find that women hired
after the implementation of gender quotas see a more marked increase in their bargaining
power compared to men. This result is associated with a more positive selection of women
into firms in the post-reform period, a relevant trickle down effect which, to the best of
our knowledge, is documented for the first time. Overall, this evidence provides some
support to the view that bargaining power results from a combination of employer and
employee characteristics and behaviour, rather than depending (exclusively) on innate
traits.
The contribution of this paper to the literature is four-fold. First, we show that
the impact of firms on the gender pay gap is non-negligible and remains fairly constant
over time, with differences in bargaining power increasing in importance in recent years.
The almost unchanged gender gap in firm pay policy, coupled with a declining gender
pay gap, suggests that the firm contribution is gaining importance and the policy focus
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on firms is appropriate.6 Second, we show that there is considerable heterogeneity in
the impact of firms along the earnings distribution, with sorting playing a major role
in the bottom and middle part of the distribution, and bargaining dominating at the
top. This evidence suggests that the relative absence of women from the top of the
earnings distribution documented by the literature7 can partly be explained by gender
differences in bargaining power. The increasing importance of bargaining power over
time can also provide an explanation for the smaller decrease over time of the male-
female earnings gap at the top.8 Third, we propose a novel definition of gender mobility
gap, pointing out the lower probability for women of moving towards firms adopting
more generous pay policies. This penalty – which hits especially high skilled women –
can be related to gender differences in preferences and cost of effort. While the former
are hardly directly malleable, the latter can be an indirect target of policy through,
for example, the promotion of a more flexible job organisation or incentives to stronger
fathers’ involvement, with the goal of overcoming obstacles to upper mobility of women.
Last, we are the first to investigate the impact of an exogenous increase in the share of
female members in the board of directors of listed companies on the relative bargaining
power of female employees. The evidence that gender quotas affect the bargaining power
of newly hired women – who are also more skilled – reveals that some trickle down effects
are present; it also points to the importance of strengthening gender balance at the top of
the firm hierarchy and pinpoints a specific channel – that of bargaining – through which
legislation can address gender gaps in earnings.
The remainder of the paper is organised as follows: section 2 describes the dataset
and provides evidence on the gender gap in earnings in Italy; section 3 explains the
methodology used to measure and decompose the firm contribution to the gender pay
gap; section 4 presents the results on the decomposition on average, across the distribution
of earnings and over time; section 5 investigates firm-related mobility; section 6 discusses
the impact of the gender quota law on the relative bargaining power of female employees;
section 7 concludes.
6Note that this evidence, which also includes the aftermath of the Great Recession, differs from the
one on West Germany provided by Bruns (2019) for the period 1995-2008: there, the gender gap in firm
pay policies has increased, rather than having been constant, providing an explanation for the stall in
the decline of the gender wage gap.
7A rich literature investigates the gender pay gap across the wage distribution and shows the presence
of larger gaps at the top – providing evidence of a glass ceiling (Albrecht et al., 2003, 2015; Arulampalam
et al., 2007) Recent evidence on the relative absence of women at the top of the US earnings distribution
is provided also by Guvenen et al. (2014) and Piketty et al. (2018).
8Blau and Kahn (2017) and Goldin (2014). For 8 countries, including Italy, Atkinson et al. (2018)
document that female presence has increased less at the very top of the income distribution compared
to other percentiles
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2 Data and Descriptive Statistics
The analysis is based on data provided by the Italian Social Security Administration
(INPS, Istituto Nazionale di Previdenza Sociale) that record the work and pay history
of the universe of employees in the private non-agricultural sector. The main source
of information for these data is the form that employers have to fill in to pay pension
contributions to their employees. We focus on the period 1995-2015.9 The data provide
information about the characteristics of the jobs held by workers in the sample and
about some of their personal characteristics. In particular, we have information on gross
annual earnings,10 the number of days and weeks worked in a given year, the type of
contract (whether full-time or part-time), the province of work, the position held at the
firm (apprentice, blue-collar, white-collar, middle-manager from 1996, and executive),
the gender and the year of birth. We also know the first year of work, which allows us to
build a measure of labour market experience. For each worker in the dataset we have a
firm identifier we can match with information coming from the firm side of the dataset.
In a separate record, INPS provides information on location, industry,11 and date of
opening and closure of all firms in the data. Furthermore, we link firms to balance sheet
information, coming from the AIDA-Bureau Van Dijk dataset. This database collects
balance sheet information for all the companies that are obliged to file their accounts
within the Italian Business Register. Specifically, we use information on sales and value
added.
2.1 Descriptive Statistics
We build a panel dataset that comprises one observation per worker per year. Since
some individuals are observed more than once within a year, we select the observation
corresponding to the main job, that is, the contract associated with the highest number
of weeks worked. In case two or more observations are characterised by the same number
of weeks, we keep the observation with the highest weekly earnings. In addition, we keep
only workers who have been employed for at least 4 weeks during the year.12 We further
9Even though digitalised records for workers’ histories are available since 1983, we focus on the
period 1995-2015 for a number of reasons. First, before 1995 information on firms is less accurate
(especially sectoral codes, which are fundamental for our purposes, as we will explain later). Second,
the computational burden of our estimation procedure is particularly high: 21 years should represent a
significant portion of the evolution of the Italian labour market. Third, in July 1993, there was a major
reform of the system of collective bargaining in Italy, which restructured the links between sector and
firm level bargaining. We therefore choose to start our analysis one year and half after this reform in
order to capture all the relevant changes that it brought about.
10Besides the full net annual earnings, this includes all kinds of pecuniary compensation, grossed up
with labour income taxes and social security contributions on the employee.
11Industry is classified according to NACE rev. 2 sectoral codes (whose Italian counterpart is ATECO
2007).
12If, after these restrictions, some individuals are still observed more than once within a single year,
we retain only one observation. Doing so, we drop 91,511 observations, around 0.04% of total.
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Table 1: Summary statistics
(1) (2) (3) (4)
All Dual connected
Male Female Male Female
Age 39.59 38.17 39.79 38.34
Tenure 5.17 5.00 5.25 5.02
Experience 19.35 17.33 19.53 17.50
Adjusted weeks 43.62 37.42 44.14 37.85
Weekly earnings 561.34 439.29 583.68 448.12
Number of workers per firm 8.33 5.34 10.39 6.67
Share blue-collar 63.54 44.31 61.19 44.52
Share white-collar 28.33 50.43 30.30 50.46
Share executive 1.72 0.36 1.92 0.40
Share middle manager 3.91 1.94 4.43 2.14
Share apprentice 2.50 2.95 2.16 2.48
Share part-time 6.14 31.18 5.69 29.95
Observations 129,048,272 79,620,898 112,721,072 70,341,016
Number of workers 13,330,473 9,060,341 12,248,104 8,315,143
Number of firms 1,618,072 1,618,072 1,205,878 1,205,878
Notes. The Table reports, in columns (1) and (2), summary statistics for male and female workers
in the entire sample; in columns (3) and (4), it reports summary statistics for the sample used in
the analysis in section 4.2, which comprises firms that belong to the dual connected set, i.e. the
intersection of male and female largest connected sets (see sections 3.1 and 3.2 for details). Tenure
is computed as the number of years the worker is with the same firm. Experience is the labour
market experience of workers, computed as the difference between the current year and the first
year of work. Adjusted weeks are the number of weeks worked in a year, standardised to account
for part-time work (see text for details). Weekly earnings are expressed in real (2010 = 100) euros.
The number of workers per firm is computed as the average of the yearly male and female workforce
at each firm.
restrict our analysis to workers with age between 19 and 65, and with at least two years
of labour market experience.
From the firms’ side, we drop single gender firms, that is, those firms that employ all
individuals of the same sex for the entire period under analysis. This means that our
final sample covers firms that have employed at least two workers of different genders.13
Table 1 reports descriptive statistics. We first look at columns (1) and (2). We
have 129 million person-year observations for the male sample and 80 million person-year
observations for the female sample. The number of male workers is 13.3 million and
that of female workers is 9.1 million. Firms are 1.6 million. Mean age is slightly higher
for men than for women, and so is the average job tenure.14 The average real weekly
earnings – the measure of pay we focus on – are larger for men, with a 22% gender gap.
The average number of male workers in a firm is 8 and of female workers is 5, both
13Overall, after data cleaning we drop 126,491,382 observations in total, approximately 38% of the
original population.
14Job tenure is a left-censored variable. Thus, true average job tenure may be higher.
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Figure 1: Gender pay gap over the period 1995-2015
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Notes. The Figure plots coefficients of a dummy for male workers from log wage regressions,
run for each year in four different specifications: without controls (“Raw”); controlling for
observable characteristics of workers, i.e. cubic polynomials in age, experience and tenure, a
dummy for full-time contract, the number of weeks worked, occupation and province of work
fixed effects (“Including controls”); controlling for observable characteristics and, additionally,
for sector fixed effects (“Including sector effects”); controlling for observable characteristics
and, additionally, for firm fixed effects (“Including firm effects”).
reflecting the small average firm size of Italian firms. The share of blue-collar workers
is higher for males (64% versus 44%), whereas that of white-collar workers is higher for
females (50% versus 28%). The percentage of executives and middle managers is higher
for male workers (1.8% and 3.9%) than for female workers (0.4% and 1.9%). The share
of apprentices is higher for women. Around 6% of male workers has a part-time job, with
the figure for women being 5 times larger. We keep part-time workers in the analysis,
since the number of weeks worked is standardised in the data to make them comparable
to those of full-time workers. In particular, for full-time workers we have the number
of weeks worked over the year; for part-time workers we have the number of full-time
equivalent weeks.15
2.2 Evidence on the Gender Earnings Gap in Italy
Figure 1 reports the evolution of the gap in log average real weekly earnings between
men and women over the period 1995-2015. Earnings are expressed in 2010 real prices.
Overall, the raw gap has decreased over time, though at a lower pace between 1995 and
1999 and between 2005 and 2008. The raw average gender pay gap was approximately
22.5 log points in 1995 and 15.5 log points in 2015.
15This measure is computed by multiplying the number of actual weeks worked by the ratio between
the number of hours worked in a month and the number of contractual hours for the full-time equivalent
position. In this way, weekly earnings of full-time and part-time workers are comparable.
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We ask how far the gender pay gap is related to firm-specific factors. A first evidence
to address this question is provided in Table 2, where we report coefficients from log
wage regressions. The first column of the Table is the unadjusted gender gap in average
log weekly earnings, which indicates that female earnings are 19.2 log points lower than
men’s over the period considered. Column (2) controls for a set of observable individual
characteristics (cubic polynomials in age, experience and tenure, a dummy for full-time
contract, the number of weeks worked) and a full set of year, occupation and province
dummies. The inclusion of these controls leaves the main coefficient of interest on the male
dummy practically unchanged. Column (3) includes 2-digit sector fixed effects. Their
inclusion reduces the coefficient on the male dummy by 1.6 log points with respect to
column (2), indicating that women tend to sort into low-pay sectors. Even within sectors,
women tend to work for low-pay firms, as shown by the specification in Column (4), which
includes firm fixed effects. The coefficient on the male dummy decreases by 3.2 log points
relative to column (3) and by 5 log points with respect to the unconditional estimate.
This provides evidence that women tend to sort into firms that pay lower earnings on
average. Controlling for firm heterogeneity across individuals and over time reduces the
gender pay gap significantly. It is important to stress that we are not controlling here
for non-random assignment of workers into firms via individual fixed effects. In addition,
we are considering firm effects that do not vary by gender, assuming away within-firm
differences in the ability of men and women to bargain over their pay. Hence, we can
account only for the part of the gender pay gap explained by sorting of women into low-
pay firms. Later in the paper we explicitly allow for firm effects to vary by gender and
we control for non-random sorting of workers into firms via the inclusion of individual
fixed effects.
Firm characteristics are relevant determinants of the gender pay gap over the entire
period of analysis: in Figure 1, besides the raw gender gap in earnings, we plot the
coefficients of the male dummy from regressions that control for individual observable
characteristics (as in column (2) of Table 2), for sector fixed effects (as in column (3) of
Table 2) and for firm fixed effects, in addition to individual observables (as in column
(4) of Table 2). Figure 1 confirms that firm time-invariant characteristics represent an
important determinant of the gender gap in earnings: the coefficient of the male dummy
is lower in magnitude in each year when we control for firm effects.
The influence of the firm may vary across the distribution of earnings. In Figure D.1
in the Appendix we plot the gender pay gap across quantiles of the earnings distribution
for 2015. Each dot represents the coefficient on a male dummy from a quantile regression
that includes no controls (solid line), a set of observable individual characteristics (dashed
line), sector fixed effects (dotted line), and that additionally controls for firm fixed effects
(dashed-dotted line).16 The figure shows the presence of a strong glass ceiling effect,
16Following Canay (2011), we estimate fixed effects quantile regressions in two steps. In the first
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Table 2: Regression results
(1) (2) (3) (4)
Male 0.192*** 0.190*** 0.174*** 0.142***
(0.003) (0.002) (0.001) (0.001)
Covariates No Yes Yes Yes
Year effects No Yes Yes Yes
Province effects No Yes Yes Yes
Sector effects No No Yes Yes
Firm effects No No No Yes
R-squared 0.040 0.514 0.546 0.708
Observations 208,669,170 208,669,170 207,788,391 207,788,391
Notes. The Table reports the coefficients of a dummy variable for male workers from OLS
regressions where log weekly earnings are the dependent variable. Covariates include
cubic polynomials in age, experience and tenure (linear term in age excluded), number
of adjusted weeks worked in a year, a dummy for full-time workers, occupation dummies
(blue-collar, white-collar, executive and middle manager; excluded category: apprentice).
Sectors are taken from 2-digit NACE Rev2. Robust standard error, clustered at firm level,
in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
meaning that the gap increases at the top of the distribution of earnings. At the 99th
percentile, the raw gap between male and female weekly earnings is approximately 47 log
points against a value slightly above 13 at the median. When firm effects are included,
the gender gap in earnings decreases, especially in the middle and top portions of the
distribution. The impact of firms at the very top (above top 1 per cent) is smaller, though,
highlighting that a large part of gender earning inequality for high earners originates
within rather than between firms.
Up to now we have established that firms play a role in determining weekly earnings
and the gender pay gap. In particular, we know that the coefficient on the male dummy
declines when we include firm fixed effects, but we do not know how large the share of
the gender pay gap explained by firms is. In the following section, we aim to measure this
share and investigate whether women sort into firms that offer lower pay or whether, at
the same firm, women are not able to negotiate the same contractual conditions as men.
3 Empirical strategy
We follow Card et al. (2016) and their novel decomposition method to estimate the share
of the gender gap in earnings explained by firm-level pay setting strategies. In this section,
we describe the details of such decomposition and the regression model used to retrieve
the quantities of interest.
step, we run a simple regression at the mean, including observable characteristics and firm effects. In
the second step, we take the residual of earnings from firm effects and estimate a canonical conditional
quantile regression.
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3.1 Two-way fixed effects model
We estimate log wage regressions separately by gender with the inclusion of both indi-
vidual and firm effects to recover gender-specific firm fixed effects. In other terms, we
estimate a two-way fixed effects model a` la Abowd et al. (1999):
wijt = θi + ψ
g
j +X
′
itβ
g + εijt, (1)
where wijt is the natural logarithm of real weekly earnings, for worker i in firm j at
time t, with i ∈ {1, ..., N}, j ∈ {1, ..., J}, and t ∈ {1, ..., T}; θi are the individual fixed
effects, ψgj are the gender-specific firm fixed effects in firm j for gender g ∈ {M,F}, X ′itβg
are the time-varying observable determinants of earnings multiplied by gender-specific
coefficients and εijt represents the residual unexplained component.
We interpret firm effects as quantities capturing the extent of gender-specific rent-
sharing at each firm. Specifically, firm fixed effects are related to firms’ rents as follows:
ψgj = γ
gS¯j, (2)
where S¯j is the actual average surplus at firm j over the period of analysis and γ
g is the
gender specific share associated to this measure of surplus. In other terms, firm effects
capture the firm-level pay setting strategies, which we allow to vary by gender.17
To estimate (1), we construct connected sets of firms and workers separately by gender
and focus on the largest connected set for female and male workers.18
3.2 Normalisation of Firm Effects
Since male and female fixed effects are estimated separately, to compare their levels we
need to normalise them with respect to a common criterion. For this purpose, we consider
a double connected set of workers and firms, by selecting the firms that appear in both
largest connected sets of male and female samples. The structure of this set of workers
and firms allows us to compare female and male firm effects and to measure counterfactual
moments of the distribution of both female and male premia.
Ideally, given equation (1), firm effects should be zero when firms do not share rents
with their workers. Thus, we normalise firm effects with respect to the average firm effect
17In Appendix A, we provide the modelling framework behind equation (1).
18Abowd et al. (2002) show that identification of equation (1) is achieved within connected groups
of firms and workers. Connected groups contain all the individuals that have ever been employed at
one of the firms in the group and all the firms that have ever hired one of the workers in the group.
Thus, two groups are not connected if one person of the second group has never been employed by a
firm of the first group and a firm in the first group has never employed a person of the second group
(or viceversa). Since fixed effects are identified up to a normalising constant, different connected groups
give fixed effects estimates that are not comparable across each other. Thus, we perform the analysis on
the largest connected group.
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in the accommodation and food industry, which is usually identified in the literature as a
low-surplus sector (Card et al., 2016; Coudin et al., 2018). The normalisation procedure
entails rewriting our estimated firm effects as:
ψgj = ψ̂
g
j − E
(
ψ̂gj | Accommodation and food
)
, (3)
where ψgj are the normalised firm effects, which are consistent with equation (2), ψ̂
g
j are
the estimated firm effects from model (1), and the conditioning event means that we are
computing the average firm effect in the accommodation and food sector.19
3.3 Decomposition
Decomposition at the mean Once we obtain the normalised firm effects ψgj , we eval-
uate the impact of firms on the gender pay gap by measuring the fraction of the gender
pay gap that is explained by gender differences in firm pay policies. Following Card et al.
(2016), we decompose the difference in firm premia into sorting and bargaining imple-
menting the Oaxaca-Blinder decomposition (Oaxaca, 1973; Blinder, 1973) as follows:
E
[
ψMj | g = M
]− E [ψFj | g = F ] =E [ψMj − ψFj | g = M]
+ E
[
ψFj | g = M
]− E [ψFj | g = F ] (4)
=E
[
ψMj − ψFj | g = F
]
+ E
[
ψMj | g = M
]− E [ψMj | g = F ] . (5)
The left hand side of equation (4) takes the difference between the mean male firm
premium across men, E
[
ψMj | g = M
]
, and the mean female firm premium across women,
E
[
ψFj | g = F
]
. This difference captures the “firm contribution” to the gender pay gap.20
This difference can be decomposed in sorting and bargaining in two ways. In equation
(4), the first term on the right hand side, E
[
ψMj − ψFj | g = M
]
, represents the differ-
ence in firm premia between men and women, averaged across men. That is, it detects
differences in firm premia, fixing the distribution of male jobs. This is a measure of the
bargaining channel. It tells by how much the gender pay gap would change if women
were given the same firm effects as men, weighted by the male distribution of jobs. The
second block, E
[
ψFj | g = M
]−E [ψFj | g = F ], represents the difference between the av-
erage female firm premia evaluated across men and the average female firm premia across
19We report an alternative normalisation procedure in Appendix C, where we empirically identify the
set of firms that pay zero rents to their workers. Results do not change and we leave to Appendix C a
more thorough discussion of this alternative normalisation procedure.
20The two quantities are computed taking the average of the normalised firm effects across men
and women. So, E
[
ψMj | g = M
]
is the male premium averaged across male observations, whereas
E
[
ψFj | g = F
]
is the female premium averaged across female observations. The conditioning event
{g = M} or {g = F} indicates the set we are averaging in.
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women. This difference tells by how much the gender pay gap would change if women
were employed in the same firms as men, weighted by the female firm effect.
Similarly, equation (5) splits the firm components into bargaining, evaluated using
the female rather than the male distribution, and sorting, evaluated using male rather
than female premia.21
We often choose to report the results as averages of sorting and bargaining computed
from equations (4) and (5). Hence, unless otherwise specified, we refer to:
Sorting =
1
2
∑
x∈{F,M}
{
E
[
ψxj | g = M
]− E [ψxj | g = F ] },
Bargaining =
1
2
∑
x∈{F,M}
E
[
ψMj − ψFj | g = x
]
.
(6)
Decomposition across the earnings distribution We know that lower and higher
quantiles show a wider gender pay gap (see Figure D.1). Hence, we investigate the impact
of firm components on the gender pay gap at various quantiles of the distribution of earn-
ings for a given year in our data. Specifically, we select groups in both the male and female
samples corresponding to different percentiles of the male and female earnings distribu-
tion. For each gender-specific percentile group, we compute the mean male and female
firm effects and then perform the Oaxaca-Blinder decompositions shown in equation (4)
and (5). In other terms, for each gender-specific percentile group pgk, k = 1, ..., 100, we
compute:
E
[
ψMj | g = M, i ∈ pMk
]− E [ψFj | g = F, i ∈ pFk ]
=E
[
ψMj − ψFj | g = M, i ∈ pMk
]
+ E
[
ψFj | g = M, i ∈ pMk
]− E [ψFj | g = F, i ∈ pFk ] (7)
=E
[
ψMj − ψFj | g = F, i ∈ pFk
]
+ E
[
ψMj | g = M, i ∈ pMk
]− E [ψMj | g = F, i ∈ pFk ] . (8)
In both equations (7) and (8), the first term on the right hand side is the bargaining
effect, whereas the difference between the second and the third term is the sorting effect.
When reporting the results, we average sorting and bargaining as resulting from the two
alternative decompositions of equations (7) and (8), akin to what we do in (6).
21The first block of equation (5), E
[
ψMj − ψFj | g = F
]
, evaluates the average difference in premia
fixing the female distribution of jobs. A positive difference signals a different bargaining power within
firm. The second block of equation (5), E
[
ψMj | g = M
] − E [ψMj | g = F ], evaluates the difference
in average male premia across male and female distribution of jobs. A positive difference signals the
under-representation of women in high-pay firms.
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4 Results
4.1 Estimation of two-way models
We estimate (1) separately for the largest connected groups of female and male workers.
We include as controls cubic polynomials in age,22 tenure and experience, occupation
dummies (blue-collar, white-collar, executive, middle manager and apprentice) and a full
set of year dummies. Panel A of Table 3 reports sample sizes of the largest connected sets
in both the female and male samples. We retain 99.1% and 97.5% of the total person-year
observations in the male and female samples, respectively. Men are 98.5% and women
are 96.4% of those in the original data. Coverage of firms is 90% and 84.6% in the male
and female samples, respectively, compared to the original population.
Panel B of Table 3 reports statistics about the fit of the model in equation (1) to
our data for both samples of female and male workers and it shows that the fit is quite
good and all the parameters are jointly significant.23 Worker and firm effects display
negative or no correlation (−0.04 and 0 in the male and female sample, respectively).
This implies that the Italian labour market is characterised, if anything, by negative
assortative matching. This result is consistent with Flabbi et al. (2016).
Finally, it is important to stress that the validity of the two-way fixed effects model
in equation (1) relies upon the assumption of conditional random mobility of workers.
We test this assumption in Appendix B. Overall, we conclude that it holds for both the
female and the male sample.
4.2 Firm Contribution to the Gender Gap in Earnings, Sorting
and Bargaining
4.2.1 Average Decomposition
Overall sample We focus on the double connected set of workers and firms. Columns
(3) and (4) of Table 1 report summary statistics for men and women in the double
connected set. The number of person-year observations drops to approximately 113
million for males and 70 million for females, with 12.2 million male individuals and 8.3
million female individuals, employed by 1.2 million firms. Age, tenure and the distribution
of occupations across genders is roughly comparable to the original dataset. Weekly
earnings slightly increase for both men and women, as well as the number of workers per
firm.
22We normalise the age profile to be flat at age 40 and we exclude the linear term in age to avoid
potential collinearity with experience and year effects. See Card et al. (2018).
23The standard deviation of the estimated worker effects is in both samples three times higher than
the standard deviation of the firm effects. Thus, if we were to decompose the variance of earnings in
its primary determinants, a greater part of such decomposition would be explained by individual, rather
than firm variability.
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Table 3: Summary statistics for largest connected sets and AKM estimation
Panel A. Largest connected sets
Male Female
Number of p-y obs. 127,908,136 77,622,344
% of entire data 99.12% 97.49%
Number of workers 13,123,321 8,735,880
% of entire data 98.45% 96.42%
Number of firms 1,456,374 1,369,594
% of entire data 90.01% 84.60%
Panel B. AKM estimation
F-stat 60.180 23.020
Adjusted R-squared 0.871 0.741
RMSE 0.164 0.197
Mean log weekly earnings 6.189 5.997
St. dev. earnings 0.486 0.415
St. dev. worker effects 0.661 0.568
St. dev. firm effects 0.209 0.195
St. dev. xb 0.709 0.564
St. dev. residual 0.164 0.197
Corr(worker effects, firm effects) -0.043 0.000
Notes. The Table reports summary statistics for the largest con-
nected sets used for the estimation of the AKM two-way models.
Panel A reports sample sizes for the largest connected sets of male
and female workers. Panel B reports summary statistics from the
estimation of equation (1), separately for men and women.
We normalise firm effects as detailed in section 3.2 and decompose the difference
in firm pay premia as in equations (4) and (5). Results are in Table 4. Column (1)
of the Table shows the overall firm contribution to the gender gap in earnings and its
decomposition. In the double connected sample, the mean raw gender pay gap is 21.3
log points, compared to 19.2 in the overall sample. We can explain 30.4% of this gap
as coming from the difference in premia recognised to men and women, since the gap in
firm effects is approximately 6.5 log points. This contribution is mainly determined by
sorting, irrespective of whether one uses the decomposition framework of equation (4)
or (5). In both scenarios, sorting accounts for more than 20% of the overall gender pay
gap, while bargaining accounts for a smaller share (between 7.6% and 9.8%). This result
is similar to the one found by Card et al. (2016) for Portugal, Jewell et al. (2018) for
UK and by Coudin et al. (2018) for France. Thus, sorting is the main factor behind the
different premia men and women receive on average.
In Columns (2) through (6) we report decompositions for subsamples defined by dif-
ferent occupations. The gender pay gap is small for apprentices (4.1 log points) – for
whom salaries are usually low, irrespective of gender – and for middle managers (12.3
log points), whereas it is higher for blue-collar workers (22.7), white-collar workers (27.1)
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Table 4: Gender pay gap, firm effects, sorting and bargaining
(1) (2) (3) (4) (5) (6)
Total Appr.
Blue
collar
White
collar
Middle
man.
Exec.
Gender pay gap 0.213 0.041 0.227 0.271 0.123 0.234
Male firm effects across males 0.113 0.035 0.074 0.167 0.275 0.222
Female firm effects across females 0.049 0.014 -0.015 0.097 0.251 0.165
Firm effects gap 0.065 0.020 0.089 0.070 0.024 0.058
% of gender pay gap 30.4% 49.0% 39.4% 25.9% 19.5% 24.6%
Decomposition:
Sorting
Using male coefficients 0.049 0.007 0.071 0.057 -0.004 0.047
% of gender pay gap 22.8% 16.6% 31.1% 20.9% -3.1% 20.3%
Using female coefficients 0.044 0.003 0.070 0.049 -0.009 0.026
% of gender pay gap 20.6% 7.9% 30.7% 18.2% -7.2% 11.2%
Bargaining
Using male distribution 0.021 0.017 0.020 0.021 0.033 0.031
% of gender pay gap 9.8% 41.1% 8.7% 7.7% 26.7% 13.5%
Using female distribution 0.016 0.013 0.019 0.013 0.028 0.010
% of gender pay gap 7.6% 32.5% 8.3% 5.0% 22.6% 4.3%
Observations 183.1 4.2 100.3 69.7 6.5 2.4
Notes. The Table reports results of the Oaxaca-Blinder decomposition of equations (4) and (5).
Firm effects are normalised with respect to the average gender-specific firm effects in food and
accommodation. Column (1) shows results for all workers. Columns (2) to (6) report results for
subsamples defined by occupation categories: apprentice, blue-collar, white-collar, middle manager
and executive. The number of observations is expressed in millions.
and executives (23.4). 39.4% of the gender pay gap for blue-collar workers (column 3)
can be explained by firm components, mainly due to sorting of women into low-pay firms
(roughly 31% of the gender pay gap). A similar result holds for white-collar workers (col-
umn 4): the gap in firm effects accounts for 26% of the gender gap in earnings, mainly
due to sorting (18-21%) rather than bargaining (5-8%). Since the large majority of work-
ers in our data is either classified as blue- or white-collar (roughly 91% of men and 95%
of women), it comes as no surprise that, on average in the entire sample, we find that
sorting is the main factor driving firm-related gender inequality. For apprentices and
middle managers (columns 2 and 5), 49% and 19.5% of the gender pay gap, respectively,
can be explained by differences in pay premia. This difference is mainly due to a lack of
bargaining power of women compared to men: this channel accounts for at least 33% of
the gender pay gap for apprentices and at least 22% for middle managers. Interestingly,
sorting plays a negative role for the latter category of workers, meaning that men in this
specific occupation are employed at low-pay firms compared to women. As to executives
(column 6), the gap in firm effects accounts for almost a quarter of the gender pay gap.
The relative importance of sorting and bargaining depends on the type of decomposition
chosen.
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Figure 2: Gender pay gap, firm effects gap, sorting and bargaining by age and cohort
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Notes. The Figure plots the gender pay gap (panel a), the gender gap in firm effects (panel b),
sorting (panel c) and bargaining (panel d), averaged by age and cohort. The horizontal axis
reports age by cohort cells, defined as the mean age for each cohort across the years 1995-2015.
Age and cohorts Figure 2 shows the evolution of the gender pay gap (panel a), firm
effects gap (panel b), sorting (panel c) and bargaining (panel d), by age and cohorts. We
identify four cohorts: 1940-49, 1950-59, 1960-69, 1970-79. We construct this Figure by
first defining the age by cohort cells. To do so, we compute the mean age of each cohort
in each year in our data. We then compute the gap in firm effects and its decomposition
into sorting and bargaining in each age by cohort cell. The Figure shows the presence of
sizeable cohort effects in the evolution of the gender pay gap over the life cycle. Older
cohorts display higher gender gaps in earnings than younger cohorts, even at the same
age. The same holds for the gap in firm effects and sorting, whereas the bargaining power
effect remains fairly stable across cohorts and over the life cycle until age 60, when it
suddenly drops to values close to 0. Moreover, the gap in firm effects remains stable over
time for the youngest cohort (1970-79), but tends to increase within cohort for each of
the other cohorts (except for ages close to retirement). The same pattern characterises
the evolution of sorting, which is flat for the youngest cohort, but increasing in age for
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Figure 3: Decomposition by sector
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Notes. The Figure reports the gender pay gap, the firm effects gap, sorting and bargaining,
by sector. Sectors are defined according to Ateco 2007 sectoral codes and ordered according
to the gap in firm effects (highest to smallest). We exclude sectors that employ less than 1%
of the total person-year observations. The sectors reported in the figure represent 95% of the
total person-year observations between 1995 and 2015.
the other cohorts. This result shows that the rising importance of firm components over
the life cycle, highlighted also by Card et al. (2016) and Bruns (2019), is not only an age
effect, as they argue, but it is the outcome of both a cohort effect and an age effect within
cohort.
In Figure D.2 in the Appendix, we show the fraction of the gender pay gap explained
by firm components. As a share of the gender pay gap, the firm effects gap (panel a) is
higher for the youngest cohort – which is the only one we can observe before 30 – and
it flattens out for all cohorts after that age. For the oldest cohort, however, the gap in
firm effects explains a lower fraction of the gender pay gap, indicating that individual
unobservable and observable characteristics are more important in determining gender
differences in pay for this specific cohort. When we look at the evolution of sorting over
the life cycle (panel b), again we find that the behaviour of the oldest cohort is different
from that of the others. In addition, within cohort sorting tends to increase in importance.
On the other hand, there are little between-cohort differences in the impact of bargaining
on the gender pay gap, which stays constant or tends to decline monotonically with age.
Sectors We investigate the role of sectors in Figure 3, which shows the sectorial de-
composition of the gender pay gap and the gap in firm effects along with the estimated
bargaining and sorting effects. We recall that sectors are coded according to Ateco 2007
sectoral codes, which is the Italian version of the sectoral codes defined by the European
Union (Nace rev. 2).24 Overall, the gender gap in earnings is the highest in ICT and
finance. This is in line with evidence for other countries (Denk, 2015). Firm effects in-
24We exclude sectors that comprise less than 1% of the total person-year observations.
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Figure 4: Firm effects along the wage distribution
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Notes. The Figure shows the average male firm effects across percentile bins of the male
distribution of earnings and the average female firm effects across percentile bins of the female
distribution of earnings.
crease the gender pay gap in all sectors, except construction, accommodation and food,
and in the residual category “other services”. Sorting is the main driver behind the firm
contribution to the gender pay gap in manufacturing, construction, science, administra-
tion and health.25 In finance and ICT, on the contrary, bargaining power explains a larger
share of the firm effects gap relative to sorting.
4.2.2 Decomposition Across the Earnings Distribution
As a first evidence on the magnitude of firm effects along the earnings distribution, we
plot in Figure 4 the within-percentile mean male firm effect across the male distribution
and the within-percentile mean female firm effect across the female distribution for 2015.
The relationship is positive and monotonic for both men and women, suggesting that firm
effects are a more important component of earnings for high-wage workers, irrespective
of gender. The gender gap in firm effects is basically zero or negative in the very first
percentile groups, but it starts to widen in the middle part of the distribution. At higher
percentiles the gap closes, especially in the last 10 percentile groups. The closing of the
gap at the top of the pay hierarchy can be due to an increased presence of high-pay female
workers in high-pay firms (thus, a better sorting) or to a higher bargaining power within
firm of women relative to men.
We investigate which effect prevails by looking at Figure 5, that shows the smoothed
decomposition of the difference in firm effects for 2015. The figure shows the share of the
25In particular, it is likely that the results on manufacturing and trade sectors are behind the dominance
of sorting in the overall dataset, being these two sectors those employing more than 50% of all person-year
observations in the data.
19
Figure 5: Impact of firm components on the gender pay gap along the earnings distribu-
tion
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Notes. The Figure shows smoothed differences between male and female firm effects and
their decompositions into sorting and bargaining across percentile bins of the distribution of
earnings in 2015.
gender pay gap at each percentile group explained by firm components. The contribution
of firm effects is fairly stable in the central part of the earnings distribution, and smaller
at lower and higher quantiles. As to the determinants of this contribution, sorting is
more relevant at the bottom and middle of the distribution. Its importance declines as
we move along the distribution. On the contrary, bargaining is the most relevant factor
after the 85th percentile. This result is consistent with what we found previously on
occupations and sectors. Indeed, workers with higher earnings are likely to work in top
positions at firms. For these workers, we find that bargaining is the main driving force
behind the firm contribution to the gender gap in earnings, as we did for middle managers
and executives.26 On the other hand, for low-pay workers, sorting is the main driver of
the firm contribution to the gender pay gap, as we found for blue-collars.27 High-pay
workers are also likely to work in sectors with higher earnings on average. Consistently,
we have shown that bargaining explains a larger portion of the gender pay gap in Finance
and ICT. In Appendix Figure D.3 we report the same decomposition for 1995, 2000, 2005
and 2010. The results are very similar.
Summarising, for low earnings a substantial portion of the gender pay gap is explained
by where women work, whereas for high earnings a larger share of the gender pay gap is
26For the latter, only using the decomposition of equation (4).
27For apprentices, a category of workers which is likely to be placed at the bottom of the earning
distribution, we find that bargaining is the main driver of the gap in firm effects. However, we do not
see any spike in bargaining at the bottom of the distribution. This is due to the small sample size
of apprentices relative to blue-collar workers (4 million vs 100 million person-year observations in the
overall sample). Any effect for apprentices is thus likely to be “masked” by what happens to blue-collar
workers, who are also more likely to occupy the bottom part of the earnings distribution.
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due to women’s lower bargaining power within the firm.
4.2.3 Evolution of Firm Components over Time
Up to now, we have assumed that firm effects, individual ability and the returns to ob-
servable worker characteristics are fixed over time. However, these wage components may
evolve over time and contribute to rising or declining wage inequality (Card et al., 2013;
Barth et al., 2016; Song et al., 2018; Alvarez et al., 2018) and could impact differently
men and women (Bruns, 2019). For example, firm effects may evolve over time due
to changes in the productivity of firms or more productive firms increasingly sharing a
higher portion of their rents with workers. On the other hand, individual unobserved
ability may decrease over time, due to ageing (Grund and Westergaard-Nielsen, 2008),
or increase thanks to components of individual productivity that are slowly revealed over
time or triggered by changes in the composition of peers (Mas and Moretti, 2009).
We allow here for additional flexibility in the evolution of individual and firm unob-
servable heterogeneity over time. The availability of a long panel enables us to recover
individual fixed effects and gender-specific estimates of the firm fixed effects in sub-
intervals between 1995 and 2015. Specifically, we run separate AKM regressions in four
overlapping intervals of six years each: 1995-2000, 2000-2005, 2005-2010, 2010-2015.28
For each subinterval we build a double connected sample as we do for the main analysis.
We normalise firm effects with respect to the food and accommodation sector and analyse
the evolution of the gap in firm effects and its decomposition into sorting and bargaining
for each subinterval.
Results are summarised in Figure 6, where we plot the average gender pay gap, the
firm effect gap, sorting and bargaining in each of the four sub-intervals. As explained in
section 3.3, we present results averaging sorting and bargaining as in equation (6). The
gap in firm effects remains unchanged, but since the gender pay gap declines over time,
as a share of the latter the firm effects gap increases in importance.29 Interestingly, the
impact of sorting declines over time. In the first sub-interval, sorting explains almost
entirely the firm contribution to the gender pay gap (which amounts to approximately
20%), whereas very little is due to within firm differences in firm pay policies. During
the period 2010-2015, the two channels have approximately equal weights in explaining
the differences between male and female firm effects.30 Women tend to be employed in
“better” firms in more recent years, i.e. in firms with more generous pay policies towards
28We have checked that the conditional random mobility assumption holds in each of the sub-intervals.
Results are available upon request.
29Table D.1 in the Appendix reports the values used to produce Figure 6. It shows that both male and
female firm effects increase especially after 2005, but they grow at the same pace, leaving the difference
unaltered.
30Whether sorting or bargaining is the main driving force behind the firm contribution to the gender
pay gap in the fourth interval depends on the decomposition method adopted. See column (4) of Table
D.1.
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Figure 6: Evolution of gender pay gap, firm effects gap, sorting and bargaining over time.
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Notes. The Figure shows the evolution of the gender pay gap, firm effects gap, sorting and
bargaining over time. We estimate firm effects in each of the four overlapping time intervals.
See text for details.
all employees. However, the overall gender gap in firm policies has remained unaltered
because women now pay a higher penalty with respect to their male colleagues within
the same firms, given the increased role of bargaining.
A possible explanation for this phenomenon is the increased role of decentralised wage
setting in the Italian labour market. Historically, Italy has been characterised by a quite
strongly centralised wage setting. Collective contracts have been binding for employers
and workers: they have been signed by unions and employers’ associations at the industry
level and have provided wage floors for each job title. Firms could not opt-out. In 1993
a reform allowed for “top-up” agreements that can be negotiated at the regional or firm-
level, usually depending on firm performance or productivity. The impact of the reform
on the flexibility of bargaining agreements has been positive, although limited (Devicienti
et al., 2008). Yet, additional room for firm-level bargaining can differentially impact men
and women, if women have on average a lower bargaining power than men, as we have
extensively shown in previous sections.
Increased female labour force participation can be another explanation. Female em-
ployment was 41.1% in 1995 against a value of 50.6% in 2015.31 This increase may be
associated with the entry of less skilled women in the labour market, whom firms may
be less willing to share their rents with. If so, the estimated average bargaining power
of female employees at firm level would decrease over time. At the same time, the entry
of less skilled women may have favoured a reallocation of women across firms, with more
skilled women moving to firms and/or jobs that better suited their competences, which
would explain the reduced importance of sorting.
31Source: Istat, Labour force survey. Employment rate for age group 20-64.
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A possible concern with the results that we find in this section is that the rising
importance of bargaining over time is the outcome of a composition effect, due to the
fact that the youngest cohort is more represented in the last subinterval with respect to
the previous periods and for this cohort bargaining explains a larger fraction of the gap
in firm effects – and thus in earnings – compared to older cohorts. If younger cohorts are
more represented in recent sub-intervals, the results that we find may be driven by the
different composition of our samples. This is, however, not the case. Indeed, Figure D.4
shows sorting and bargaining as a percentage of the gap in firm effects in the first and
last subinterval. Even though there are clear differences between cohorts, the relative
importance of bargaining and sorting in determining the gap in firm effects has changed
for all cohorts. As an example, sorting in 1995-2000 (panel a) accounts for approximately
95% of the gap in firm effects for the 1940 cohort, against a value around 80% in 2010-
2015 (panel b). At the same time, bargaining importance has increased for this cohort
from values around 4% (panel c) to 20% (panel d). The same holds for other cohorts (for
which differences over time are more marked). Hence, our results do not seem to reflect
only an age/cohort composition effect.
5 Firm-to-firm Mobility and Sorting
In this section, we further investigate the sorting channel by estimating a gender gap in
the probability of moving to a “better” firm, i.e. to a firm belonging to a higher quartile
of the gender-specific firm effects distribution. This is a novel definition of mobility,
which takes into account the features of the origin/destination firms and we label it
“gender mobility gap”. In estimating it, we condition on overall mobility and investigate
differences in mobility rates of men and women towards firms offering higher pay premia.
Gender gaps in mobility are shown to be an important driver of the gender gap in wage
growth (Del Bono and Vuri, 2011; Loprest, 1992), especially early in the career (Manning
and Swaffield, 2008). However, the literature lacks evidence on the gender difference in
mobility across firms ranked according to the generosity of their pay policy. Since we
have shown that firm components account for a sizeable fraction of the gender pay gap,
it is worth investigating mobility across different quartiles of the firm effects.
It is important to stress a point about the identification of firm effects in the AKM
model. We analyse here how mobility across firms with different firm effects varies by
gender. This may seem in contrast with the random mobility assumption required for
the identification of firm effects in the AKM model, discussed in Appendix B. Note,
however, that mobility in AKM has to be random conditional on workers’ time-varying
observable and unobservable characteristics, which we control for by estimating firm
effects conditional on age, experience, tenure, occupation, time trends and individual
fixed effects. It is therefore consistent with the random mobility assumption required by
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AKM that more skilled or more experienced workers move to higher fixed effect firms,
because these wage components are controlled for in the estimation procedure. What may
threaten the estimates are firm or worker transitory and permanent shocks that determine
a change in earnings before the move and trigger mobility. We show in Appendix B that
these shocks are not a threat to identification in our context. Furthermore, mobility
based on non-wage characteristics of firms is not problematic.32 Mobility may also be
determined by different risk preferences of workers (Argaw et al., 2017), different networks
of family, friends and coworkers or different effort in on-the job search (Card et al., 2016).
Hence, as long as mobility is related to non-wage components or wage components that
do not change over time and are thus absorbed by the individual fixed effect or time-
varying wage components observable to the researcher, it can be correlated with workers’
characteristics.
Empirical strategy Our estimation strategy relies on the following probit model:
Pr
{
1
[
Qgf1 > Q
g
f0
] }
= Φ(α + γFi + δZit + δs + λt) (9)
where Qgj indicates the gender-specific quartile of the distribution of firm effects to which
firm j = {f1, f0} belongs. 1 [·] is an indicator function, equal to 1 if the destination firm
f1 belongs to a higher quartile than the origin firm f0. Fi is a dummy for females, Zit
includes additional covariates (age and dummies for changing province, occupation and
type of contract), δs are sector fixed effects and λt are year fixed effects.
One important aspect to take into account when analysing mobility patterns is to
distinguish mobility determined by firms’ closures from mobility determined by other
reasons. The INPS data record for each firm the date of opening and closure. Following
Del Bono and Vuri (2011), we define “firm” moves those happening in the year of firm
closure or in the year before it. These are certainly constrained job moves. The other
moves are classified as “individual”. This does not necessarily capture a voluntary choice
of the worker, since they can comprise also moves related to, say, occupations disappearing
due to technological change or job downgrading following childbirth.
Figure D.5 in the Appendix shows mobility rates for the full sample of movers (panel
a) – i.e. the sample of all workers who change job between two consecutive years.33 The
figure shows that the mobility rate is slightly higher for men, with large differences by
32Card et al. (2013), discuss, for example, mobility determined by firm amenities, proximity to home or
better recruiting effort; Van Der Berg (1992) discusses the role of a number of non-wage amenities related
to job changes, such as fringe benefits, moving costs and adjustment costs to a new work environment.
Sorkin (2018) uses job-to-job flows to estimate the value of non-pay characteristics in earnings dispersion
and find that they explain up to 15% of the variance of earnings in the United States.
33We thus do not consider gaps in the work histories of individuals as mobility: these can be periods
out of the labour force, in self-employment, or in the public sector, which we are not able to identify
separately.
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age classes: young workers tend to move more often than old ones, for whom male-female
differences are close to zero. In order to abstract from seasonal jobs and fixed-term
contracts that are not converted into open-ended contracts, we restrict our sample and
retain workers that move to a new firm between two consecutive years and, in addition,
are observed in that firm for at least 2 consecutive years. After these restrictions, we are
left with a set of 5.2 million job moves, 2.9 million of which are classified as “individual”.
Workers can move more than once over their work career. Overall, 68% of moves in our
sample refer to workers who changed job once, 28% twice. Only 4% of moves refer to
workers who move three times or more (at most five) between 1995 and 2015. In this
restricted sample – Figure D.5 (panel b)– the mobility rate of men and women is lower,
but the male-female gap is of comparable size to that in the full sample. In particular,
in the restricted sample we do not consider many moves that happen early in the career,
when workers are likely to change jobs more frequently and end up in seasonal jobs or
fixed-term contracts. The issue of selection of workers into mobility seems not to be of
particular concern: even if men move more often than women, in the restricted sample
the difference in mobility rate is only 0.2 percentage points and this is the sample we
focus on for the mobility analysis.
Results on the gender mobility gap Table 5 shows average marginal effects from
the estimation of equation (9). The first column shows the results for all types of job
moves. Female workers are 3 percentage points less likely to move to a better firm within
sectors. This differential probability is lower for “individual” moves (column 2) than
“firm” moves (column 3): while the former difference is 1.6 percentage points, the latter
is 4.4 percentage points. In other terms, the gender gap in the probability of moving to
a better firm is smaller when moves are “individual”. When women are constrained to
move by their firm closure, they are much less likely than men to end up in a firm with a
more generous pay policy within a given sector. Overall, a gender gap in the likelihood
of upward firm mobility is present, and it is economically and statistically significant. In
each specification we include as additional covariates a dummy for changing province,
occupation and type of contract (specifically from part- to full-time). Each of these
covariates raises the probability of moving to a “better” firm. The effect of switching to
full-time is the strongest across all moves, especially “individual” moves, as it raises the
probability of moving to a better firm by approximately 3 percentage points. We also
add age at the moment of job move, which has a negative impact on the probability of
upward mobility.
In Appendix Figure D.6 we plot the probabilities for male and female workers of
moving to higher-quartile firms by age groups. Females are less likely to move to a better
firm at each age and the mobility gap is always higher for “firm” moves. It is interesting
to note that the probability for workers of both genders to move to a better firm is much
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Table 5: Probit model for job moves to a firm in a higher fixed effect quartile
(1) (2) (3)
All Firm Individual
Female -0.030*** -0.044*** -0.016***
(0.005) (0.007) (0.005)
Age -0.002*** -0.000* -0.003***
(0.000) (0.000) (0.000)
Change province 0.018*** 0.015** 0.011***
(0.004) (0.006) (0.004)
Change occupation 0.027*** 0.024*** 0.017***
(0.004) (0.005) (0.004)
Change to full-time 0.043*** 0.016*** 0.042***
(0.007) (0.005) (0.008)
Observations 5,216,076 2,259,559 2,956,517
Sector FE Yes Yes Yes
Year FE Yes Yes Yes
Baseline Probability 0.286 0.268 0.298
Notes. The Table reports average marginal effects from probit re-
gressions where the dependent variable is the probability of moving
to a firm in a higher firm effect quartile. Column (1) shows results for
all moves in the restricted sample defined in the main text. Column
(2) shows results for moves not determined by firm closure. Col-
umn (3) shows results for moves happening because of firm closure.
Robust standard errors, clustered at the firm level, in parentheses.
Significance levels: * p<0.1, ** p<0.05, *** p<0.01
higher when the decision comes from individual choice rather than firm closure when
the worker is young, but the decline with age in such probability is faster for individual
moves. Moreover, the gender mobility gap tends to be lower or insignificant for older
workers. The gap is approximately 6 percentage points for workers aged 19-25 years old
and it becomes approximately zero for workers aged 56-65.
Unobserved worker ability The likelihood of moving to a higher-quartile firm might
be influenced by the unobserved ability of the worker. In Figure 7 we show the proba-
bilities for male and female workers of moving to a better firm, distinguishing between
workers with “low” (left panel) versus “high” (right panel) individual fixed effects. We de-
fine low individual fixed effect workers those below the median of the distribution of fixed
effects and high individual fixed effect workers those above the median. The figure shows
that high individual fixed effect workers are more likely to move to a better firm than low
fixed effect workers. Furthermore, it shows that the gender mobility gap is present and
persistent across all types of move and workers, and that it is more pronounced for high
individual fixed effect workers. The probability of moving to a better firm for a man in
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the low fixed effect group is 26.7%, whereas for a woman is 24.0%, a 2.7 percentage points
gap. In the high individual fixed effect group, these probabilities are 30.3% and 27.0%,
respectively, a 3.3 percentage points gap. As to “firm” moves, the gap remains fairly
constant at around 4.2 percentage points, but it increases from 1.1 percentage points to
2.4 percentage points for high fixed effect workers in the case of “individual” moves. In
other words, women with higher unobserved ability are more likely to end up in a better
firm than women with lower ability, but relative to men they pay a higher penalty. This
is because there is a large gain in the probability of moving for more able men, whereas
the gain for more able women is smaller. In fact, the rise in the probability of moving
up in the firm distribution of fixed effects for high relative to low ability women is ap-
proximately 82% of the corresponding rise for men. One reason why the gender mobility
gap increases for high ability women might be the time cost of child-rearing, which dis-
proportionately affects women (Kleven et al., 2019). If women have to dedicate a higher
fraction of their time to child rearing relative to men, irrespective of their ability level,
they will search less effectively for a better job, decreasing the likelihood of ending up in
a firm with more generous pay policies, which can especially benefit high-ability women.
Alternatively, women may value non-pecuniary benefits (such as flexible time arrange-
ments or firm provision of welfare services) more. As a consequence, they may be willing
to stay in or move to firms that have lower firm effects, because they are compensated
for the loss of part of their earnings potential by a better balance between family and
work.34
Geographical concentration and earnings dispersion We here explore two further
reasons for why women pay a penalty in their probability of moving up in the firm effect
distribution. First, we investigate whether firms offering high pay policies to female
workers are geographically concentrated in some provinces or cities, whereas those offering
high pay policies to men are more geographically dispersed, providing the opportunity
to improve earnings to a potentially wider set of (male) workers. We graphically test
this hypothesis by studying the geographical distribution of average male and female
firm effects. Figure D.7 in the Appendix plots the map of average male and female firm
effects across Italian provinces, the lowest geographical unit our data allow to explore. A
darker colour indicates a higher average firm fixed effect. The maps for men and women
are drawn according to the same scale and female firm effects are lower on average than
male firm effects in all provinces. However, the distribution for men and women across
provinces is fairly similar, meaning that provinces that pay high firm effects to men tend to
do the same with women. At first, at least visually, there seems to be no difference in the
34Fanfani (2018) shows that there exists a correlation between the availability of flexible work arrange-
ments (proxied by the share of part-time contracts) and the gap in firm pay policies in a sample of Italian
manufacturing firms.
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Figure 7: Gender-specific probabilities of moving to a higher-quartile firm by worker
effect and type of move.
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Notes. The Figure reports the probabilities for men and women of moving to a firm in a higher
gender-specific firm effect quartile for different types of moves and workers, conditional on the
controls included in equation (9). Low (high) individual fixed effect workers are defined as
those having an individual fixed effect below (above) the median of the individual fixed effect
distribution. Vertical lines are 95% confidence intervals.
geographical distribution of firm effects for men and women, indicating that the gender
mobility gap we identify in the data cannot be explained by a different distribution of
firms with high generous pay policy across provinces. We then test whether the difference
in mobility rates to better firms is a within or between province phenomenon. Appendix
Figure D.8 plots the marginal effects from probit models estimated as in equation (9)
within each province (thus, excluding the dummy for change of province). Different
colours indicate the sign and significance (at 95% confidence level) of coefficients. They
are negative for 94 of the 110 Italian provinces, and 52 of them are significantly different
from 0 at a 95% confidence level. Hence, also within province men tend to move to
employers that offer more generous pay policies. Interestingly, the effect of the female
dummy is “less” negative in Southern provinces. This is probably due to the fact that
most of the low fixed effect firms are located in the South, where most movements are
between low quartiles of the fixed effect distribution (e.g. from 1st to 2nd quartile) and,
thus, easier to achieve. Note that this evidence could be consistent with women having
a higher cost of commuting relative to men (even within the smaller province scale).
A second channel that may explain why women tend to move less frequently to high-
pay firms is that these firms may display higher earnings dispersion, for instance because
they use incentive pay more,35 or because a larger share of earnings paid comes from
overtime. If women are more risk averse or less inclined to compete, or if they have
35Albanesi et al. (2015) show that 93% of the gender gap in executive compensation in the United
States is due to differences in incentive pay.
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Figure 8: Gender-specific probabilities of moving to a higher-quartile firm by firm’s vari-
ance of residual earnings.
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Notes. The Figure reports the probabilities for men and women of moving to a firm in
a higher gender-specific firm effect quartile for different types of moves, conditional on the
controls included in equation (9). We define high (low) dispersion firms those having a standard
deviation of residual weekly earnings higher (lower) than the 75th percentile of the distribution
of standard deviations of residual earnings of the firms in our data (see text for details on the
derivation of residual earnings). Panel A displays the probability of moving to a firm in a
higher quartile of the firm fixed effect distribution for movements from high dispersion firms
to high dispersion firms. Panel B displays the same probability for movements from high
to low dispersion firms. Panel C displays the same probability for movements from low to
high dispersion firms. Panel D displays the same probability for movements from low to low
dispersion firms. Vertical lines are 95% confidence intervals.
higher cost of effort,36 they may be less willing than men to move to higher quartile firms
if these firms have a higher dispersion of earnings. In Figure 8 we divide our sample of
moves in four groups, defined by the level of earnings dispersion of the origin-destination
firm. We define high earnings dispersion firms as follows. We first compute residuals from
regressions of weekly earnings on a full set of sectoral, occupation and full-time dummies.
We then compute the firms’ standard deviation of residual earnings across all workers
and periods. We define high earnings dispersion firms those having a standard deviation
of residual weekly earnings higher than the 75th percentile of the distribution of standard
deviations of residuals of the firms in our data.37 We finally estimate the probit model
(9) for each of the four groups of workers that move between firms with different levels
of earnings dispersion.
We find evidence that the gap in the probability of moving to higher quartile firms
widens when movements happen from low to high-dispersion firms (panel C), whereas
36For instance, women may be less willing to work overtime or unconventional hours (Goldin, 2014),
because of household responsibilities.
37We use residual earnings to capture differences in pay across firms that happen within sector and
occupational composition of the workforce, thus reflecting differences in dispersion between firms rather
than between sectors or groups of firms.
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women are more likely to move to a “better” firm when moving from high- to low-
dispersion firm (panel B), at least when the movement is not determined by firm closure.
In other words, women tend to move proportionally less to firms with high earnings
dispersion compared to men. The magnitude of the difference is not negligible: the gap
in the probability of moving from low- to high-dispersion firms is −9.8 percentage points,
whereas the move in the opposite direction (from high- to low-dispersion firms) implies
a gap in favour of women equal to 2.5 percentage points. This evidence is consistent
with women having a lower preference for competing, or higher risk aversion and cost of
effort compared to men, which make them less prone to work in firms with high earnings
dispersion.
Overall, this evidence highlights that sorting comes from the lower probability of
women to move to better firms. Understanding the reasons for the lower probability
of women to move to firms with better pay policy – the more so for women with high
individual fixed effects – remains an open question. We have explored some potential
explanations, finding evidence consistent with higher female risk aversion and lower at-
titude to compete, or higher cost of effort. Clearly, the mobility gap can also affect the
difference in bargaining power between men and women. If women are less likely to
quit a firm and move towards one with better pay policy, firms find it easier to extract
rents from them, rather than from men. Thus, mobility gaps can drive both sorting and
differences in bargaining.
6 Bargaining and Gender Balance in Corporate Gov-
ernance
We have shown that bargaining is the most important factor explaining the impact of firm
pay policy on the gender pay gap at the top of the pay distribution, where opportunities
to bargain are potentially present or more widespread. In addition, we have established
that the role of bargaining in driving firm fixed effects has grown in importance over
the two decades considered. The contribution of bargaining to gender differences in pay
signals that for women it may be harder to contract not just on pay rises for a given
job, but also for promotions within firms. Do women have an innate lower ability to
bargain or does the firm environment influence bargaining power? The measure of firm
environment we focus on is the extent of gender balance at the top of the firm hierarchy.
For instance, the fact that corporate boards are male-dominated may be behind the
adoption of more generous pay policy towards male employees or the fact that men are
at the top of the managerial pipeline. A change in the gender composition of corporate
boards may therefore modify the relative bargaining power of men and women, to the
advantage of the latter, if a stronger presence of women on corporate boards increases
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the firm’s attention towards female workers, or if female workers are more inclined to
ask for increases in pay or for promotions, when the top of the corporate hierarchy is
more gender balanced. To assess if and to what extent bargaining power within firms
can be influenced by the degree of gender equality at the top of firm governance, we
exploit a recent Italian law which prescribes gender quotas in boards of listed firms. This
law provides exogenous variation in the gender composition of boards, allowing us to
identify the causal impact of a change in our measure of firm environment on the relative
bargaining power of female and male workers. From this angle, we also contribute to the
literature which evaluates the impact of gender quotas on worker performance (Bertrand
et al., 2019; Maida and Weber, 2019) by focusing on mediating factors through which
effects on workers’ outcomes can show up.38
6.1 The Italian Gender Quota Reform
In 2011 the Italian parliament passed the law 120/2011 (Golfo-Mosca reform) with the
goal of increasing the number of women present on board of directors and supervisory
bodies of listed companies and state-owned not listed companies. In particular, the law
requires that the Boards of Directors and the Board of Statutory Auditors must ensure
“gender balance”. The law is temporary, since it applies only for three consecutive board
renewals (approximately 9 years) and gradual: for the first of the three board mandates,
the law requires that a fifth of the seats in the board must be reserved for the least
represented gender, whereas for the second and third mandates, the quota goes up to a
third. Firms have to comply with the law requirements starting from the first renewal
of the board after August 2012. The reform had a phase in period between August 2011
and August 2012, i.e. from when the law entered into force to when the requirements
it prescribed became mandatory. During this period firms could comply with the law
but were not required to. After August 2012, if a firm does not comply with the law, it
first incurs in a warning from CONSOB, the National Commission for Companies and
the Stock Exchange. After four months since the first warning, there is a fine of up to
200,000 Euro. If after three additional months the firm has not changed its board to
make it compliant with the law, the elected board members lose their office.39 The policy
had a clear impact on the share of women in the boards of listed companies, as Figure
9 shows. Until 2011, the share of women in the board of directors was 7.4%, only 1.4
percentage points higher than the share in 2008. The first year of implementation of the
law, 2012, the share jumped to 11.3%, and it kept rising until 33.3% in 2017.
38Other studies examine the impact of female-led firms on labour market outcomes of female employees
and on the extent of gender gaps in earnings within the firm, without relying on exogenous variation
in gender composition of directors, e.g. Bell (2005), Cardoso and Winter-Ebmer (2010), Flabbi et al.
(2016), Gagliarducci and Paserman (2015)
39For a comprehensive description of the Law, see Profeta et al. (2014).
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Figure 9: Share of women in the board of directors of listed companies between 2008 and
2017.
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6.2 Empirical Analysis
In our modelling framework, outlined in section A in the Appendix, we show that the
firm fixed effect can be rationalised in a wage equation as a rent-sharing coefficient, i.e.
as the share of surplus that a firm pays to its employees. As a consequence, the firm fixed
effect can be expressed as in equation (2), that is ψgj = γ
gS¯j. The ratio or the difference
between female and male gender-specific shares, γF and γM , captures female bargaining
power relative to men directly.
Figure D.9 in the Appendix shows that women have indeed a lower bargaining power
compared to men according to this definition. It plots female firm effects against male
firm effects, both averaged across percentile bins of log value added per worker (our proxy
for firm surplus S¯j). The slope of the linear fit of the relationship in Figure D.9 is an
estimate of the relative bargaining power of women, γF/γM , and equals 0.85, meaning
that firms share a lower fraction of increases in value added with female employees relative
to males.40
In order to estimate the causal impact of a change in the gender composition of board
of directors on bargaining power, we use data for the period 2008-2017,41 and we adopt two
alternative empirical strategies. First, we use a static/canonical specification (Borusyak
and Jaravel, 2017), focusing on listed firms only, and exploit the staggered timing of
the first board renewal after the reform becomes binding. We depart from our model
with two fixed effects: we collapse data at the firm level, and estimate a “reduced-form”
40A well established literature, surveyed in Manning (2011) and Card et al. (2018), has investigated
the magnitude of the elasticities of wages to firms’ financial conditions, as a way to depart from the
hypothesis of competitive labour markets.
41Data for 2016 and 2017 have very recently become available and we use them for this part of the
analysis in order to evaluate the medium-run effects of the gender quota policy.
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model in which we regress log average male and female weekly earnings on log average
value added per worker to recover a rent-sharing coefficient and, with that, measure the
bargaining power of workers. The firm-level equation is:
wgjt = κ+ γ
gTreatjt × Sprej + ηgt + φgj + εgjt (10)
where wgjt represents average weekly earnings, in firm j at time t, with g = {M,F}. κ
is a constant; Treatjt is a dummy equal to 1 for firm j in the year of board renewal and
all subsequent years, and 0 before. S
pre
j is the surplus of firm j, as measured by the log
average value added per worker at each firm over the period 2008-2011 – the source is
AIDA-Bureau Van Dijk. We average value added in the period before the implementation
of gender quotas, since there is evidence that the reform affected firm productivity (Bruno
et al., 2018). ηgt and φ
g
j are, respectively, gender-specific year and firm fixed effects. The
parameter of our interest is γg, which measures the change in bargaining power by gender
after the first board renewal. We also provide results of a dynamic specification where we
interact average log value added per worker in 2008-2011, S
pre
j , with distance dummies
relative to the year of first board renewal, and plot the related coefficients. In this way,
we ensure that pre-trends are absent and we check whether the reform had an impact in
a specific period.
The second strategy we adopt compares the outcome of listed and non-listed compa-
nies. The literature on the effects of gender quota highlights the importance of selecting
an appropriate control group for the firms targeted by the reform (Comi et al., 2019;
Bertrand et al., 2019; Ferrari et al., 2018; Maida and Weber, 2019). We identify a control
group by matching listed companies, treated by the reform, with a subset of non-listed
corporations, selected according to a Mahalanobis metric on the following set of firm char-
acteristics averaged over the period 2008-2011: log weekly earnings, female log weekly
earnings, value added per worker, sales per worker, male and female worker effects, share
of part-time workers and female part-time workers, share of permanent workers, share
of executives and female executives, share of women above the 90th percentile of the
firm distribution of weekly earnings, female hiring rate, log of firm size and log of firm
size squared, share of workers aged 35-54 and over 55, Ateco sector dummies and region
dummies. We then estimate firm-level regressions of the form:
wgjt = κ+ γ
gTreatj × Postt × Sprej + δgPostt × Sprej + ηgt + φgj + εgjt (11)
where Treatj is a dummy equal to 1 for listed companies and equal to 0 for matched non-
listed companies. Postt is a dummy equal to 1 starting from 2012. The other variables are
defined as above. Again, the parameter of interest is γg, which measures the change after
the reform in bargaining power by gender in treated versus control firms. The interaction
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Postt×Sprej controls for differences in pre-period value added per worker between treated
and control firms in the post reform years. Similarly to the first empirical strategy, we
also report results of an event study specification, in which we interact the treatment
status Treatj and average surplus S
pre
j with year dummies.
In both strategies, in order to reduce the risk of selection of firms into listing or
delisting due to the implementation of the reform, we focus our analysis on firms that
are continuously listed between 2011 and 2014.42,43
We test the balance of covariates between listed and non listed firms, before and
after the matching, by regressing the treatment status (being listed and, thus, subject
to the quota) on the whole set of covariates, averaged over the period 2008-2011. Table
D.2 shows the results. Column (1) reports regression results for the unmatched sample,
whereas Column (2) provides results for the matched sample. There is no evidence that
the two groups are different in the pre-reform period after matching.
6.3 Results
Panel A of Table 6, in columns (1) to (3), reports results from the canonical specification
(10), which exploits the staggered introduction of the reform. The outcome variable in
column (1) is log average weekly earnings of male and female workers. Columns (2) and
(3) split between joiners and stayers. We do not find any significant effect for men, but
rent-sharing significantly increases for female joiners, that is, female workers who join
the firm in the period 2008-2017. In particular, a 10 percent increase in value added
determines a 0.2 percent increase in average wages of female joiners after the first board
renewal. This result provides evidence that an increase in the share of women in corporate
boards causes a rise in bargaining power of women who join the firm, although wages for
existing contracts are not affected.
In Panel B of Table 6, columns (1) to (3), we perform heterogeneity analysis according
to the intensity of the treatment. Intensity is high when the pre-reform share of women
in board of directors is below 10%, medium when between 10 and 20%, low when above
20%.44 Again, we do not find any significant effect for males, whereas we highlight that
the increase in female bargaining power is concentrated in high intensity firms, where
the gender imbalance at the top of the hierarchy was more marked before the reform.
Furthermore, in firms with a low intensity of the treatment, women suffer a loss in rent-
sharing. Hence, if we consider low intensity firms as terms of comparison, the increase in
female bargaining power in high intensity firms is even more pronounced.
42Nothing changes if we consider the set of firms that are continuously listed over the period 2008-2017.
43The number of listed companies in Italy over the period 2008-2017 ranges between a minimum of 323
in 2012 to a maximum of 421 in 2017 (source: Borsa Italiana). We use information on 212 continuously
listed firms in the period 2011-2014, of which 167 have no missing balance-sheet information.
44We have information on the share of women in the pre-reform period for 158, out of 167 firms. 109
firms are classified as high intensity, 34 as medium and 15 as low.
34
Table 6: Impact of gender quotas on bargaining power of workers
(1) (2) (3) (4) (5) (6)
Static/Canonical DD Matched DDD
Total Joiner Stayer Total Joiner Stayer
Panel A: Aggregate effect
Males
γM -0.003 -0.004 -0.002 0.005 -0.006 0.005
(0.007) (0.011) (0.007) (0.003) (0.006) (0.004)
Obs. 1665 1461 1660 3933 3256 3911
R2 0.033 0.025 0.024 0.028 0.018 0.024
N. firms 167 166 167 394 390 394
Females
γF -0.008 0.020*** -0.006 0.000 -0.007 0.002
(0.006) (0.006) (0.005) (0.003) (0.004) (0.002)
Obs. 1654 1320 1645 3902 2919 3874
R2 0.052 0.038 0.066 0.073 0.028 0.077
N. firms 167 161 167 394 384 393
Panel B: Treatment intensity
Males
γMHigh -0.003 0.001 -0.003 0.003 -0.000 0.002
(0.007) (0.012) (0.006) (0.004) (0.007) (0.004)
γMMedium -0.000 -0.016 0.004 0.007 -0.012 0.009*
(0.007) (0.012) (0.008) (0.005) (0.009) (0.005)
γMLow 0.012 -0.020 0.016 0.026 -0.010 0.021
(0.021) (0.017) (0.021) (0.021) (0.014) (0.016)
Obs. 1580 1396 1578 3638 3023 3623
R2 0.038 0.027 0.032 0.036 0.018 0.030
N. firms 158 157 158 364 360 364
Females
γFHigh -0.004 0.023*** -0.003 0.002 -0.002 0.004
(0.006) (0.007) (0.004) (0.003) (0.005) (0.003)
γFMedium -0.010* 0.014 -0.007 -0.000 -0.014* 0.001
(0.005) (0.009) (0.005) (0.005) (0.008) (0.004)
γFLow -0.037** -0.020** -0.031** -0.016** -0.033*** -0.021*
(0.018) (0.010) (0.015) (0.007) (0.011) (0.012)
Obs. 1564 1271 1555 3609 2709 3588
R2 0.080 0.052 0.090 0.078 0.0035 0.088
N. firms 158 152 158 364 354 364
Notes. The Table shows coefficients from the estimation of equation (10) in columns
(1) to (3) and (11) in columns (4) to (6). Panel A reports aggregate effects and
Panel B reports results by treatment intensity, according to the pre-reform share of
female board directors. The dependent variables are average weekly earnings for all
workers (Total), for workers joining the firm (Joiner) and for incumbents (Stayer).
The number of observations is lower in Panel B because we do not have information
on pre-reform board composition for all firms. Robust standard errors, clustered at
the firm level, in parentheses. Significance levels: *** p<0.01, ** p<0.05, * p<0.10.
35
The results are confirmed by the dynamic specification, as shown in Panel (a) of
Figure D.10 in the Appendix. In particular, for joiners, we can exclude the presence of
different pre-trends for men and women, whereas women experience a significant jump in
their bargaining power right after the board renewal.
We now turn to the second specification based on ex-ante matching. Panel A of Table
6 shows, in columns (4) to (6), the estimates recovered from equation (11), none of which
is significant, for both males and females. The heterogeneity analysis, in Panel B, columns
(4) to (6), confirms a negative effect on bargaining in low intensity firms and a F-test for
the equality of coefficients for high and low intensity rejects the null of equality. This
suggests that an increase of the share of women in corporate boards at least prevents the
decline in female rent-sharing in firms most affected by the reform.
Panel (b) of Figure D.10 in the Appendix shows the results of the event-study speci-
fication, confirming the absence of significant effects.
Overall, there is some evidence that the reform affects the rent-sharing of female
workers, especially in high-intensity firms, suggesting that the lower bargaining power of
women compared to men is partly institution-driven.
Bargaining and the skill composition of the workforce How does the increase
in female bargaining power ensue? Does it come with a change in the skill composition
of the workforce or does it happen independently of it? To address these questions,
similarly to the analysis on wages, we adopt two empirical strategies. First, we estimate
the following canonical specification:
αgjt = κ+ ζ
gTreatjt + η
g
t + φ
g
j + ε
g
jt (12)
Second, we estimate a difference-in-differences model in the ex-ante matched sample:
αgjt = κ+ ζ
gTreatj × Postt + ηgt + φgj + εgjt (13)
where αgjt are average gender-specific AKM worker effects estimated in equation (1) which
measure the skill composition of the female and male workforce. ζg is, in both equations,
the coefficient of our interest. All the other variables have the same definition as before.
Panel A of Table 7 reports the estimates of equation (12) in columns (1) to (3). We
find that the overall skill composition of the workforce has improved thanks to a rise
in the average skill level of female workers. The effect is driven by changes within high
and medium intensity firms, as Panel B shows. In columns (4) to (6), we display results
for the matched difference-in-differences. The results are qualitatively similar, although
the coefficients for female skill composition, in both Panel A and Panel B, are no longer
significant.45
45If we restrict the sample to replicate the one used for the analysis in Table 6, i.e. we exclude firms
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Table 7: Impact of gender quotas on skill composition of workers
(1) (2) (3) (4) (5) (6)
Static/Canonical DD Matched DDD
All Male Female All Male Female
Panel A: Aggregate effect
ζg 0.024* 0.017 0.030*** 0.008 0.006 0.019
(0.015) (0.019) (0.011) (0.012) (0.015) (0.012)
Obs. 2120 2106 2091 4490 4488 4477
R2 0.169 0.128 0.17 0.208 0.161 0.180
N. firms 212 212 212 449 449 449
Panel B: Treatment intensity
ζgHigh 0.017 -0.001 0.032** 0.004 -0.012 0.025
(0.018) (0.023) (0.013) (0.015) (0.019) (0.015)
ζgMedium 0.032 0.045* 0.039** 0.013 0.032 0.016
(0.020) (0.024) (0.020) (0.016) (0.020) (0.017)
ζgLow 0.059 0.092 -0.000 0.004 0.042 -0.020
(0.040) (0.061) (0.030) (0.044) (0.055) (0.028)
Obs. 2020 2011 1991 4180 4179 4170
R2 0.172 0.133 0.184 0.211 0.160 0.189
N. firms 202 202 202 418 418 418
Notes. The Table shows coefficients from the estimation of equation (12) in
columns (1) to (3) and (13) in columns (4) to (6). Panel A reports aggregate
effects and Panel B reports results by treatment intensity, according to the pre-
reform share of female board directors. Dependent variables are average AKM
worker effects for All, Male and Female workers. The number of observations
is lower in Panel B because we do not have information on pre-reform board
composition for all firms. Robust standard errors, clustered at the firm level,
in parentheses. Significance levels: *** p<0.01, ** p<0.05, * p<0.10.
Therefore, part of the impact on female bargaining power is mediated by a change in
the skill composition of women. The reform has attracted more skilled women towards
firms with the largest increase in female board members, a relevant trickle down effect
which, to the best of our knowledge, is documented for the first time.
7 Concluding Remarks
Thanks to a large matched employer-employee dataset on the universe of Italian workers
and private sector firms for the period 1995-2015, we investigate the contribution of
firms to the gender pay gap and find that firm effects play a significant role. Firm
characteristics account for approximately 30% of the total average gender pay gap, with
for which we have no balance sheet information, we find positive and significant coefficients for female
skill composition, overall and in the high intensity group.
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sorting accounting for roughly 20-22% of the total gender pay gap and bargaining playing
the dominant role at the top of the earnings distribution.
When we analyse the drivers of sorting, we find that a gender mobility gap is present
and persistent, with women – especially high ability ones – displaying a lower likelihood
of moving to better paying firms, compared to men with similar characteristics. To
explain this result, we provide evidence consistent with the presence of gender differences
in preferences and cost of effort. Finally, exploiting an exogenous change in the firm
environment as measured by the gender composition at the top of the firm hierarchy, we
show that the relative bargaining power of women can be enhanced.
Our analysis contributes to the understanding of the role of firms in influencing the
level and dynamics of the gender wage gap. The importance of gender differences in firm
pay policy has increased over time as a share of the overall gender earnings gap, making
the behaviour of firms critical to any attempt of tackling the gender pay gap. Differences
in bargaining, in particular, play an important role in explaining what happens at the
top of the pay distribution, where women advancement has been more limited. We have
also highlighted avenues for policy to affect the gender earnings gap, identifying gender
differences in upward mobility and gender balance in the corporate structure as important
factors behind sorting and bargaining.
Other mechanisms may drive differences in workplace-related inequality beyond those
analysed in this paper. For example, better peers can boost the productivity of workers
and, thus, their wages. If better peers impact men and women differently, we can observe
gender differences in earnings.
The increased availability of linked employer-employee data will allow the identifica-
tion and exploration of different channels, providing a solid ground on which to build
policy recommendations to reduce obstacles to further women’s advancements in the
labour market.
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Appendix
A Modelling Framework
The model follows Card et al. (2016). We assume that log earnings of workers can be
written as:
wit = ait + γ
gSijt, (A.1)
where ait is an outside option for worker i at time t, Sijt is the match surplus between
worker i and firm j at time t and γg is the share of this surplus paid to worker i of gender
g = M,F .1 We assume that Sijt can be written as follows:
Sijt = Sj + φjt +mij, (A.2)
i.e. as the sum of average surplus Sj for all employees at firm j (due to, say, market
power or brand recognition), time-varying factors φjt that raise or lower average surplus
for all employees, and a match specific component mij.
We also assume that the outside option ait can be written as:
ait = θi +X
′
itβ
g + uit, (A.3)
where θi is individual ability (and, in our specific case, returns to education as well), X
′
it
are time-varying observable characteristics and uit is a transitory component.
Replacing (A.2) and (A.3) into (A.1), we get:
wit = θi + ψ
g
j +X
′
itβ
g + εit (A.4)
where
ψgj = γ
gSj (A.5)
εit = γ
g (φjt +mij) + uit (A.6)
Equation (A.4) is consistent with the two-way fixed effects model a´ la Abowd et al. (1999)
presented in equation (1) in the main text.
1We use j as a shorthand for J(i, t), i.e. the firm that employs worker i at time t.
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B Non Parametric Tests of Conditional Random Mo-
bility
One important feature of Abowd et al. (1999) two-way fixed effects model is the assump-
tion of conditional random mobility. This is a requirement for the validity of the OLS
estimation of model (1), which provides consistent estimates if and only if:
E(Dε) = E(Fε) = E(Xε) = 0
where D is a (N∗×N) matrix of dummies for the N individuals in the sample (N∗ is the
total number of person-year observations), F is a (N∗ × J) matrix of dummies for the J
firms constituting the sample, X is the (N∗×K) matrix of regressors. ε is the matrix of
errors, where observations are stacked across individuals and time.
We focus here on the restriction imposed on the matrix of firms’ dummies. Following
Card et al. (2013), there are three main channels through which conditional random
mobility may be violated. First, workers employed at firms that are experiencing negative
shocks may decide to move to firms that are experiencing positive shocks: this generates
correlation between φjt and the probability that worker i is employed at firm j at time t
in equation (A.6). If this is the case, workers would experience a drop in earnings before
the move, and a sudden rise in pay after. We show in Figure B.1 that this is not the case.
Specifically, we build a sample of moves and compute mean weekly earnings associated
with changes from the first and the last quartile of firm effects.2 We see that for both
women and men, shown in panels (a) and (b), respectively, there are no changes in the
evolution of mean earnings before or after the move.
A second threat to identification comes from the presence of match effects, if workers
decide to move because they think that joining a new firm would deliver a better match
between their personal characteristics and the firm characteristics compared to the firm
of origin. This violation implies that the match component mij in equation (A.6) is
correlated with the probability that worker i is employed at firm j at time t. In the
presence of correlation, movers would experience in any case a wage gain, irrespective of
whether they move from a high-wage to a low-wage firm, or the opposite. On the other
hand, if match effects are unimportant in determining mobility, then the earnings gain
associated with moves from low- to high-earnings firms should be roughly comparable in
magnitude to the earnings loss for moves in the opposite direction. This symmetry in
2We identify low-wage and high-wage firms on the basis of the quartiles of the estimated firm effects.
We then assign each job mover to the corresponding quartile of the origin and destination firm. In this
way we identify sixteen cells of movers, each one corresponding to the pair origin-destination quartile
(4× 4 cells). Within each cell, we compute the mean log real weekly earnings of movers. We just retain
movers that are continuously observed in the two years prior to the move and in the two years after,
similarly to what we do in section 5. Means are computed within each year. Data on the mean earnings
for all the moves are reported in Table D.3.
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Figure B.1: Mean weekly earnings of movers across firm effects quartiles
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Figure B.2: Adjusted change in earnings of symmetric job moves across firm effects
quartiles
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gains and losses with each opposite move is better assessed examining the magnitudes
of such changes over the entire 4 year period under analysis and for all possible moves,
looking at the difference in earnings from the first period considered (2 years prior to
the move) to the last period (one year after). This boils down to comparing the overall
earnings change (earnings one year after minus earnings two years before) for opposite
moves.3 The comparisons are displayed, for the female and male sample, respectively,
in panels (a) and (b) of Figure B.2, where we plot the adjusted earnings changes4 for
downward movers against the adjusted earnings changes for upward movers. In both
panels opposite moves display the expected degree of symmetry, that is, they are in all
cases of opposite sign. Moreover, all scatter points cluster very close to the 45 degrees line,
meaning that each symmetric move, both upward and downward, generates an earnings
change of a similar magnitude. Therefore, we deem symmetry a reasonable assumption.
3Opposite moves are those from quartile k to quartile j, and the other way around.
4Adjusted earnings changes equal raw earnings changes minus the earnings change for within-quartile
movers: that is, we subtract the change for movers from quartile q to quartile q from the raw change for
movers from quartile q to quartile q′, with q 6= q′.
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Figure B.3: Mean weekly earnings of movers within same firm effects quartiles
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As an additional check, panels (a) and (b) of Figure B.3 report the earnings evolution
for the movers within the same quartile in the origin and destination firms. If it is true
that there are no match effects in mobility, then these movements should be characterised
by almost no earnings gains. This is indeed the case: both panels show that the earnings
evolution is basically flat for within-quartile movements. This is clearly inconsistent with
specific worker-firm match gains related to job changes.
A last threat to the identification of firm effects comes from individual transitory
shocks, that generate correlation between the transitory component uit in equation (A.6)
and the probability that worker i is employed at firm j at time t. If workers are ex-
periencing an increase in their earnings before the move because of some productivity
premium associated to a transitory change in their characteristics or to some of their
skills showing up after an accumulation period, then they might move to other firms
that reward these characteristics more, with a larger gain from the move compared to
that obtained in the origin firm. On the other hand, if the transitory shock is negative,
workers might experience an earnings decline in their origin firm and therefore move to
firms that would limit such decline, because better suited to reward their characteristics.
We can refer again to Figure B.1, where, if mobility is driven by individuals recognising
their higher (lower) productivity we should see unusual earnings growth before the move
for people moving towards the top and unusual earnings decrease for people moving in
the opposite direction. Nothing like that happens in the data. Both pictures show no
trend before the movements.
As a final check, we follow again Card et al. (2013) and examine residuals from model
(1) for different groups of individual effects in different groups of firm effects. Namely,
we define deciles of both person and firm effects and compute the mean estimated AKM
residuals in each of the 100 cells defined by the combination of worker and firm deciles.
If our model is incorrectly specified, because, for instance, it is missing some important
match component between specific individuals and firms, we would expect to find high
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mean residuals in those cells that are threatened by misspecification the most. Figure B.4
plot the mean residuals for each of the person-firm cells for females and males in panels
(a) and (b), respectively. For both samples the deviations are really small in magnitude
and exceed 1 log point only in one case (the cell defined by the first decile of both person
and firm effects). Overall, we find no evidence against the conditional random mobility
assumption in both the male and female samples.
Figure B.4: Mean AKM residuals across deciles of person and firm effects
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(a) Female sample
1
3
5
7
9
-0.02
-0.01
0
0.01
0.02
1 2 3 4 5 6 7 8 9 10
Worker effect 
decile
M
ea
n 
AK
M
 re
sid
ua
l
Firm effect decile
(b) Male sample
C Alternative Normalisation of Firm Effects
The magnitude of the bargaining channel depends on the specific constant chosen to
normalise male and female firm effects. In the main text, coherently with our assumption
that low surplus firms pay zero rents to their workforce, we identify a low surplus sector
and subtract from the estimated firm effects the average firm effect in this sector. We
follow the literature (Card et al., 2016; Coudin et al., 2018) and set to zero the average firm
effect in the food and accommodation sector. However, the results we find on the relative
contribution of firms to the gender pay gap – and its decomposition into bargaining and
sorting – may depend on this normalisation choice.
We adopt here a different normalisation approach and check that our results do not
change. Specifically, we assume that firm effects represent a rent-sharing component –
that is, the fraction of firm’s surplus shared with employees – embedded in the deter-
mination of earnings (as in equation 2). Thus, we merge INPS data with balance sheet
information from AIDA-Bureau Van Dijk and visually inspect the relationship between
firm effects and firm’s average surplus. We measure the latter with average log value
added per worker over the longest period available for each firm.5 Figure C.1 plots the
5The coverage of balance sheet data in AIDA-Bureau Van Dijk is limited in the 1990s and early 2000s.
The use of average value added allows us to impute average quantities to missing values. For some firms we
have no information on value added. Overall, out of the 183,062,088 person-year observations in the dual
connected sample, we have missing balance-sheet information for 39,986,670 person-year observations.
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relationship between male and female firm effects against average log value added per
worker.6 The relationship is clearly positive and, as value added increases, female firm
effects increase less than male firm effects. Moreover, the relationship is rather flat in the
first 10 percentiles of value added and only after this threshold it starts to be increasing.7
Hence, we choose to normalise firm effects with respect to the average firm effect of firms
in the first decile of the distribution of log value added per worker.
Figure C.1: Firm effects against log value added per worker.
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We decompose firm effects as in equations (4) and (5). Results are reported in Table
C.1. With this alternative normalisation, the impact of firm components on the gender
pay gap increases. The difference in firm effects accounts for 38% of the gap in weekly
earnings, a 7.3 percentage points rise with respect to our preferred normalisation in the
main text. Though sorting still dominates, the increase in bargaining explains the larger
impact of firm effects,8 which accounts for as much as 17% of the gender pay gap. Also
when we decompose firm components by occupation, the bargaining channel increases in
magnitude. In particular, for apprentices, differences in pay policies within firm explain
between 72% and 80% of the gender pay gap. For blue and white collar workers the
impact is lower, around 15% and 11-14%, respectively. For middle managers, bargaining
is the main driving force behind the firm contribution to the gender pay gap, as already
highlighted in the main text. For executives, the driver of the firm effects gap is sorting if
one uses the decomposition in equation (4) and bargaining if one uses equation (5), but
the estimate of bargaining is higher.
Overall, the main conclusions do not change. This alternative normalisation shows
6We arbitrarily normalise firm effects with respect to the largest firm in the dual connected sample in
terms of number of employees in a year. To improve readability, we average firm effects into percentile
bins of log value added per worker.
7The threshold equals approximately a log value added per worker of 3.
8Estimates of sorting are unaffected by the specific normalisation chosen.
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that our estimate of the bargaining channel in the main text can be interpreted as a lower
bound. However, we prefer the normalisation with respect to the food and accommoda-
tion sector because we have information on sectors for all firms in our sample, whereas
we lose around 20% of person-year observations in the normalisation based on log value
added per worker. Hence, the alternative normalisation is based on a subset of firms in
our data. Since the main conclusions remain qualitatively unchanged, we choose to keep
as many observations as possible in the analysis.
Table C.1: Gender pay gap, firm effects gap, sorting and bargaining with alternative
normalisation
(1) (2) (3) (4) (5) (6)
Total Appr.
Blue
collar
White
collar
Middle
man.
Exec.
Gender pay gap 0.213 0.041 0.227 0.271 0.123 0.234
Male firm effects across males 0.246 0.168 0.207 0.300 0.408 0.355
Female firm effects across females 0.166 0.131 0.102 0.214 0.368 0.282
Firm effects gap 0.081 0.036 0.105 0.086 0.040 0.074
% of gender pay gap 38.0% 88.1% 46.5% 31.8% 32.5% 31.5%
Decomposition:
Sorting
Using male coefficients 0.049 0.007 0.071 0.057 -0.004 0.047
% of gender pay gap 22.8% 16.6% 31.1% 20.9% -3.1% 20.3%
Using female coefficients 0.044 0.003 0.070 0.049 -0.009 0.026
% of gender pay gap 20.6% 7.9% 30.7% 18.2% -7.2% 11.2%
Bargaining
Using male distribution 0.037 0.033 0.036 0.037 0.049 0.048
% of gender pay gap 17.4% 80.2% 15.8% 13.6% 39.7% 20.3%
Using female distribution 0.032 0.029 0.035 0.030 0.044 0.026
% of gender pay gap 15.2% 71.6% 15.4% 10.9% 35.6% 11.2%
Notes. The Table reports results of the Oaxaca-Blinder decomposition of equations (4) and (5).
Firm effects are normalised with respect to the average firm effects in the group of firms in the
first decile of the distribution of average log value added per worker. Column (1) shows results
for all workers. Columns (2) to (6) report results for subsamples defined by occupation categories:
apprentice, blue-collar, white-collar, middle manager and executive.
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D Additional Figures and Tables
Table D.1: Gender pay gap, firm effects, sorting and bargaining over time
(1) (2) (3) (4)
1995-2000 2000-2005 2005-2010 2010-2015
Gender pay gap 0.257 0.234 0.206 0.175
Male firm effects across males 0.087 0.088 0.099 0.100
Female firm effects across females 0.035 0.033 0.047 0.046
Firm effects gap 0.052 0.055 0.053 0.053
% of gender pay gap 20.3% 23.4% 25.6% 30.4%
Decomposition:
Sorting
Using male coefficients 0.049 0.045 0.038 0.036
% of gender pay gap 19.2% 19.3% 18.6% 20.4%
Using female coefficients 0.051 0.043 0.032 0.024
% of gender pay gap 19.8% 18.4% 15.5% 13.7%
Bargaining
Using male distribution 0.001 0.012 0.021 0.029
% of gender pay gap 0.5% 5.0% 10.0% 16.7%
Using female distribution 0.003 0.010 0.014 0.018
% of gender pay gap 1.1% 4.2% 7.0% 10.0%
Notes. The Table reports results of the Oaxaca-Blinder decomposition of equations (4) and (5)
in four overlapping time intervals, indicated in the column headers. Firm effects are estimated
separately in each time interval and normalised with respect to the average firm effects in the food
and accommodation in each period.
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Table D.2: Covariate balance, before and after matching
(1) (2)
Unmatched Matched
Value added per worker 0.000*** -0.000
(0.000) (0.000)
Sales per worker -0.000*** 0.000
(0.000) (0.000)
Male worker effects 0.016*** 0.104
(0.004) (0.109)
Female worker effects 0.005* -0.087
(0.003) (0.122)
Share women above 90th perc. 0.082*** 1.833
(0.031) (1.697)
Share permanent workers 0.022*** 0.138
(0.005) (0.225)
Share part-time workers -0.009 0.096
(0.008) (0.483)
Share female part-time workers -0.005* 0.086
(0.003) (0.283)
Female hiring rate 0.011*** 0.096
(0.004) (0.098)
Share workers 35-54 years old 0.003 -0.187
(0.007) (0.190)
Share workers older than 55 -0.008 0.120
(0.012) (0.395)
Log weekly earnings 0.031*** 0.105
(0.007) (0.197)
Log female weekly earnings 0.007 0.001
(0.006) (0.182)
Share executives 0.244*** 0.620
(0.040) (0.407)
Share female executives -0.099*** -0.337
(0.035) (0.373)
Log firm size -0.044*** -0.039
(0.007) (0.054)
Log firm size squared 0.008*** 0.007
(0.001) (0.005)
Observations 57,117 1,780
R-squared 0.097 0.053
Notes. The Table reports estimates from regressions where the
dependent variable is a dummy for treated firms, i.e. contin-
uously listed firms over the period 2011-2014. All regressors
are average values over 2008-2011. Columns (1) and (2) show
results for unmatched and matched samples, respectively. Ro-
bust standard errors in parentheses. Significance levels: ***
p<0.01, ** p<0.05, * p<0.10.
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Table D.3: Mean log earnings and frequencies of movers across firm effect quartiles
Mean Log Real Weekly Earnings 4 Year Change
Moves Frequency -2 -1 0 +1 Raw Adjusted
Panel A: Females
1 to 1 292,608 5.670 5.701 5.697 5.712 0.042 0.000
1 to 2 128,899 5.728 5.763 5.865 5.891 0.164 0.121
1 to 3 60,332 5.714 5.747 5.959 5.995 0.280 0.238
1 to 4 32,348 5.722 5.767 6.098 6.148 0.425 0.383
2 to 1 130,627 5.833 5.871 5.748 5.760 -0.074 -0.108
2 to 2 233,076 5.890 5.919 5.908 5.925 0.035 0.000
2 to 3 140,290 5.942 5.975 6.011 6.038 0.096 0.062
2 to 4 65,269 6.005 6.051 6.162 6.206 0.201 0.167
3 to 1 56,456 5.926 5.979 5.742 5.756 -0.169 -0.212
3 to 2 138,182 5.972 6.010 5.937 5.950 -0.022 -0.065
3 to 3 250,809 6.037 6.064 6.062 6.080 0.043 0.000
3 to 4 153,209 6.138 6.176 6.224 6.257 0.118 0.075
4 to 1 24,302 6.049 6.118 5.737 5.743 -0.306 -0.371
4 to 2 48,828 6.084 6.140 5.968 5.984 -0.100 -0.164
4 to 3 115,656 6.139 6.181 6.117 6.134 -0.004 -0.069
4 to 4 418,917 6.417 6.438 6.459 6.481 0.065 0.000
Panel B: Males
1 to 1 478,503 5.792 5.819 5.805 5.828 0.036 0.000
1 to 2 219,074 5.882 5.911 6.017 6.051 0.169 0.133
1 to 3 114,802 5.888 5.920 6.130 6.171 0.283 0.247
1 to 4 66,192 5.910 5.950 6.276 6.335 0.425 0.389
2 to 1 190,543 5.991 6.022 5.880 5.905 -0.086 -0.130
2 to 2 384,889 6.072 6.100 6.092 6.116 0.044 0.000
2 to 3 291,559 6.161 6.183 6.230 6.257 0.097 0.053
2 to 4 138,133 6.207 6.252 6.361 6.414 0.207 0.163
3 to 1 85,678 6.095 6.127 5.892 5.914 -0.181 -0.240
3 to 2 219,818 6.182 6.207 6.150 6.170 -0.012 -0.070
3 to 3 455,806 6.271 6.291 6.310 6.330 0.059 0.000
3 to 4 306,877 6.416 6.441 6.499 6.535 0.119 0.060
4 to 1 36,610 6.225 6.265 5.901 5.922 -0.303 -0.376
4 to 2 74,026 6.291 6.322 6.182 6.207 -0.084 -0.156
4 to 3 175,613 6.392 6.422 6.389 6.413 0.021 -0.052
4 to 4 802,088 6.629 6.645 6.676 6.702 0.073 0.000
Notes. The Table reports the frequency of female (panel A) and male (panel B) workers’
moves between firm effect quartiles and the mean weekly earnings of the movers during the
period between two years prior to the move and one year after. The last two columns report
the overall change in earnings between the last and first period. The column labelled Raw
is the simple difference between period “+1” and period “-2”. The column labelled Adjusted
subtracts the change for movers from quartile q to quartile q from the raw change for movers
from quartile q to quartile q′, with q 6= q′.
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Figure D.1: Gender pay gap across the earnings distribution
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Notes. The Figure plots the coefficients on the male dummy in a quantile
regression in four different specifications: without controls (“Raw”); control-
ling for observable characteristics of workers, i.e. cubic polynomials in age,
experience and tenure, a dummy for full-time contract, the number of weeks
worked, occupation and province of work fixed effects (“Including controls”);
controlling for observable characteristics and, additionally, for sector fixed ef-
fects (“Including sector effects”); controlling for observable characteristics and,
additionally, for firm fixed effects (“Including firm effects”). Fixed effect quan-
tile regressions are estimated in two steps, following Canay (2011). The first
step consists in running an OLS regression of weekly earnings on observables
and fixed effects. The second step consists in running a canonical conditional
quantile regression, where the dependent variable is the residual of earnings
from fixed effects computed in the first step.
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Figure D.2: Firm effects gap, sorting and bargaining as a percentage of the gender pay
gap by age and cohort
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(a) Firm effects gap
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(b) Sorting
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(c) Bargaining
Notes. The Figure plots the gender gap in firm effects (panel a), sorting (panel b) and bar-
gaining (panel c), as a percentage of the gender pay gap, averaged by age and cohort. The
horizontal axis reports age by cohort cells, defined as the mean age for each cohort across the
years 1995-2015.
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Figure D.3: Impact of firms on the gender pay gap along the earnings distribution in
1995, 2000, 2005, 2010
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Notes. The Figure shows smoothed differences between male and female firm effects and
their decompositions into sorting and bargaining across percentile bins of the distribution of
earnings in 1995 (panel a), 2000 (panel b), 2005 (panel c), 2010 (panel d).
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Figure D.4: Sorting and bargaining as a percentage of the gender pay gap in 1995-2000
and 2010-2015
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(a) Sorting 1995-2000
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(b) Sorting 2010-2015
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(c) Bargaining 1995-2000
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(d) Bargaining 2010-2015
Notes. The Figure plots sorting (panels a and b) and bargaining (panels c and d) as a
percentage of the gender pay gap, averaged by age and cohort, from firm effects estimated
over the periods 1995-2000 and 2010-2015. The horizontal axis reports age by cohort cells,
defined as the mean age for each cohort across the period of time considered.
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Figure D.5: Mobility rates
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(a) Full sample
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(b) Restricted sample
Notes. The Figure plots the mobility rate of men and women in the full (panel a) and restricted
(panel b) sample of moves. The mobility rate is defined as the share of workers changing
employer between two consecutive years. The full sample considers all moves. The restricted
sample retains only moves such that the worker stays in the destination firm for at least two
years after the move: this is the sample used for the analysis in section 5. All differences are
statistically significant at 1% level.
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Figure D.6: Gender-specific probabilities of moving to higher-quartile firms by age
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Notes. The Figure plots the probabilities for men and women of moving to a firm in a higher
firm effect quartile for different types of moves and age groups, conditional on the controls
included in equation (9). Vertical lines are 95% confidence intervals.
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Figure D.7: Average male and female firm effects in Italian provinces
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Figure D.8: Gender mobility gap within province
Negative and significant
Negative and not significant
Positive and not significant
Positive and significant
Notes. The Figure plots with different colours the marginal effect of the female dummy in
a probit regression as in equation (9), estimated for each Italian province. Red (blue) areas
denote provinces where the coefficient on the female dummy is negative (positive). Dark (light)
areas indicate significant (not significant) coefficients at 95% confidence level.
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Figure D.9: Female vs male firm effects
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Notes. The Figure plots female against male firm effects averaged across percentile bins of log
value added per worker. The slope of the linear fit is 0.85.
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Figure D.10: Dynamic and event-study results
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(a) Dynamic specification, listed firms
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(b) Event study specification, listed vs matched non-listed firms
Notes. The Figure plots the coefficients from the estimation of dynamic (panel a) and event-
study (panel b) specifications akin to equations (10) and (11). Specifically, panel (a) plots γgk
coefficients estimated from the following dynamic specification: wgjt = κ+
∑
k 6=−1 γ
g
k × 1(t =
k)× Sprej + ηgt + φgj + εgjt. Panel (b) plots γgk coefficients estimated from the following event-
study specification: wgjt = κ +
∑
k 6=2011 γ
g
k × 1(t = k) × Treatj × S
pre
j +
∑
k 6=2011 δ
g
k × 1(t =
k)× Sprej + ηgt + φgj + εgjt. Vertical lines are 95% confidence intervals.
64
